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The tourism sector is service intensive and highly competitive. As a result, tourism establishments 
compete on quality of customer service, tourist experience and value for money in order to gain 
competitive advantage over competitors. Grading is a quality assurance process in which tourism 
establishments are classified using nomenclature such as stars, denoting luxury of services and 
facilities provided. The more stars an establishment is awarded, the more superior the luxury of 
services and facilities, customer service, tourist experience and value for money being provided. 
Therefore, graded tourism establishments are likely to have a competitive advantage over non-graded 
tourism establishments, resulting in an increase in their client base, profitability and ultimately 
business survival. This is because tourists are more likely to stay at a graded establishment, as they can 
be assured of predictable and guaranteed levels of quality. In addition, over R9 billion spent by the 
South African government in 2019 on travel and subsistence benefited only graded establishments, as 
South African government officials travelling for official purposes are required to book accommodation 
in graded establishments only.  Given the benefits of being graded, the number of graded 
establishments remains low. What is also concerning is the low percentage of black-owned tourism 
establishments which are graded. This hinders transformation efforts within the tourism sector, given 
that tourism in South Africa continues to be characterised by disparities in access to benefits and 
opportunities, particularly for black people. The South African tourism sector remains largely white-
owned with little transformation.  Government programmes which have been established to subsidise 
the cost of grading have failed to substantially increase the number of graded establishments. In fact, 
this number is decreasing. Artificial intelligence (AI) is an analytical discovery which enables analyses 
of hidden patterns and information using various algorithms, including prediction, clustering and 
relationship mining. AI enables predictive models to be created based on regression, as well as 
classification based on discrete data. The focus of this research study was to identify variables that 
influence the grading of tourism establishments and utilise them to construct a computational 
intelligence framework for increasing the number of graded accommodation establishments. A 
Bayesian model was constructed to aid the development of the framework. 
Keywords:  Tourism grading, Bayesian networks, Tourism establishments, Maximum a posterior, 
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CHAPTER 1: INTRODUCTION 
 
1.1 INTRODUCTION AND BACKGROUND TO THE RESEARCH 
The South African government’s efforts towards elimination of poverty and economic transformation 
continue to be hindered by the ongoing shredding of jobs across various formal sectors and industries 
(Henama, 2012).  In 2019, the unemployment rate in South Africa was recorded at 29.3%, the second 
worst since 2006 (Stats SA, 2019).   The South African tourism sector continues to create new jobs and 
increase its contribution to the gross domestic product (GDP). This has resulted in tourism being 
identified as one of the key sectors for economic growth in South Africa (Republic of South Africa, 
2013). Tourism has the potential to aid poverty eradication, economic growth and job creation in many 
African countries, including South Africa (Louw, 2011). In South Africa, tourism plays a critical role in 
creating jobs, reducing poverty and inequality as well as improving the living standards of South 
Africans. In 2017, tourism contributed R136.1 billion to the GDP, and over 726 500 formal jobs in the 
same year (SAT, 2017).  
Tourism is a sector characterised by low barriers of entry. However, tourism in South Africa continues 
to be characterised by disparities in access to benefits and opportunities, particularly for black African 
people. This sector remains largely white-owned with little transformation (Nieman, Visser & Van Wyk, 
2008). In light of such adversities, the South African government committed to the broadening of 
business ownership and capital accumulation, particularly for the previously disadvantaged (Republic 
of South Africa, 2013). This is part of the ultimate effort towards job creation, poverty and inequality 
reduction as well as improvement in the living standards of South Africans. 
However, the tourism sector is service intensive, robust and competitive (Page, 1999). To gain 
competitive advantage and increase their chances of survival, tourism businesses need to provide 
quality visitor experiences for tourists to accomplish customer satisfaction and inspire repeat visits. 
The chances of a new tourism business surviving for more than 42 months in South Africa is less likely 
than in any other country (Von Broembsen, 2005). Grading is one of the key strategic mechanisms 
available to tourism establishments to guarantee provision of quality customer services, customer 
experience and value for money, and ultimately competitive advantage over competitors (Tourism 
Grading Council of South Africa (TGCSA), 2017). The tourism industry has over the past several years 
recognised the importance of quality customer service as a means for gaining competitive advantage 
(Du Plessis & Saayman, 2010).  Therefore, graded tourism establishments are likely to have competitive 
advantage over non-graded tourism establishments. Grading is a legislative process of ranking tourism 
establishments using nomenclature such as stars (or diamonds), with one-star denoting basic facilities 





in South Africa is mandated to the Tourism Grading Council of South Africa (TGCSA, 2019a).  Graded 
establishments benefit from an increased client base, profitability and ultimately business survival. 
This is because tourists are more likely to stay at a graded establishment, as they can be assured of 
predictable and guaranteed levels of quality (TGCSA, 2017). In South Africa, graded tourism 
establishments are entitled to be marketed on the government agency websites, namely TGCSA and 
South African Tourism (SAT). This puts graded establishments at an advantage as they are endorsed by 
government, with non-graded establishments being regarded as “informal”, and sometimes as 
“illegal”. Furthermore, grading of establishments ensures that South Africa, as a tourist destination, 
attains an optimum level of quality assurance, promotes maximum value for money and gives 
customer expectation the focus it requires (TGCSA, 2017).  The number of black-owned graded 
establishments is low, which hinders government efforts towards transformation. Over R9 billion spent 
by the South African government in 2019 on travel and subsistence benefited only graded 
establishments (Department of Treasury, 2016) as South African government officials travelling for 
official purposes are required to book accommodation in graded establishments only. 
According to a perception study conducted by the TGCSA in 2017, the cost of grading was the main 
reason for non-grading of tourism establishments (TGCSA, 2017). The South African Department of 
Tourism introduced the Tourism Grading Support Programme (TGSP) in April 2015, with the main aim 
of increasing the number of graded establishments.  The TGSP reduces the cost burden of grading by 
providing up to 90% discounts to small and medium-sized tourism establishments, particularly those 
owned by the marginalised and previously disadvantaged (Department of Tourism, 2015). Despite this 
intervention, the number of graded establishments in South Africa continued to decrease in 2017 
(TGCSA, 2017).  
Despite grading of tourism accommodation establishments being regarded as a key to gaining 
competitive advantage, the question is why grading membership numbers are declining. It is evident 
that there are numerous factors affecting the decision of tourism businesses whether to grade their 
establishments. The high cost of grading, complex process, inadequate benefits and client base have 
been highlighted as the key factors for non-grading of tourism accommodation establishments (TGCSA, 
2017). 
1.2 RESEARCH PROBLEM STATEMENT  
The number of accommodation establishments graded by the TGCSA remains low, with approximately 
16% of known tourism establishments graded (TGCSA, 2017). Despite the introduction of the 90% 
discount on grading price through the TGSP in April 2015, the number of graded establishments 





The small number of graded tourism establishments results in a limited number of quality tourism 
products. It also results in provision of low quality customer service and customer experience and 
decreased customer satisfaction. This decreases the chances of repeat visits, which results in a 
decrease in the number of tourist arrivals. This in turn negatively affects tourism businesses, which 
may result in business closures and subsequently job losses. In addition, sub-standard customer service 
and tourist experience are most likely to impact negatively on South Africa’s international reputation 
as a preferred tourist destination, resulting in a decrease in international and domestic trips, as well 
as loss of foreign income. 
In addition, the low number of black-owned graded establishments hinders transformation efforts 
within the tourism sector. This means that the majority of black-owned tourism establishments are 
unable to benefit from the over R9 billion annual spend by the South African government on travel and 
subsistence (Department of Treasury, 2016). In addition, graded tourism establishments are likely to 
have a competitive advantage over non-graded tourism establishments, resulting in an increase in 
their client base, profitability and ultimately business survival (TGCSA, 2017). The closures of black-
owned tourism establishments will have devastating effect on previously disadvantaged communities. 
The reason for this is that the majority of black-owned tourism establishments employ mostly black 
people and are located in rural and township areas, where the unemployment rate is over 80%, with 
most people surviving on government grants.  In addition, the tourism sector in South Africa will 
continue to be characterised by disparities in access to benefits and opportunities, particularly for 
black people.  
In light of the above, the focus of this research study was to identify variables that influence the grading 
of tourism establishments, and utilise them to construct a computational intelligence framework for 
increasing the number of graded accommodation establishments. A Bayesian network model was 
constructed to aid the development of the framework. 
1.3 RESEARCH QUESTIONS 
The following questions were formulated in this research study: 
1. What are the variables influencing the grading of tourism establishments? 
2. What are the most important variables influencing the grading of tourism establishments? 
3. What is the relationship between tourism grading variables and the increase in the number of 
graded tourism accommodation establishments?  
1.4  OBJECTIVE OF THE RESEARCH  
The objective of this research study was to construct a computational intelligence framework for 





The sub-objectives of the research study were as follows:  
1. To identify variables that influence the grading of tourism establishments; 
2. To determine the most important variables that influence the grading of tourism establishments; 
3. To determine the relationship between tourism grading variables and the increase in the number 
of graded tourism accommodation establishments; and 
4. To utilise identified variables to construct a computational intelligence framework for increasing 
the number of graded accommodation establishments. 
1.5 JUSTIFICATION FOR THE RESEARCH STUDY 
There is almost 30% unemployment in South Africa (Stats SA, 2019). The tourism sector has the 
potential to aid poverty eradication, economic growth and job creation in many African countries, 
including South Africa (Louw, 2011).  Artificial intelligence (AI) methods allow for effective analyses of 
hidden patterns of data and information using various AI algorithms, such as Bayesian model, artificial 
neural network (ANN) and naïve Bayes (Aziz, Ahmad & Ismail, 2013). Due to their complex data mining 
capabilities, these AI algorithms are ideal for creating predictive models for increasing the number of 
graded tourism establishments.  
Increasing the number of graded establishments in South Africa will have a positive impact on South 
Africa’s international reputation as a preferred tourist destination, which ultimately will result in more 
international and domestic trips as well as foreign income and job creation. Furthermore, increasing 
the number of black-owned graded tourism establishments will contribute significantly to township 
and rural economies, resulting in job creation and poverty alleviation within previously disadvantaged 
communities. In addition, in line with the National Development Plan (Republic of South Africa, 2013), 
this will also contribute to South Africa’s efforts to create economic transformation and thus broaden 
opportunities for all South Africans, as well as increase business ownership and capital accumulation. 
Moreover, increasing the overall number of graded establishments will ensure that South Africa, as a 
tourist destination, attains an optimum level of quality assurance, promotes maximum value for 
money and gives customer expectation the focus it requires (TGCSA, 2017). This will result in more 
tourists and make an added contribution to the GDP.  
1.6 CONTRIBUTION OF THIS RESEARCH STUDY 
This research study is among the first to be carried out in the area of AI and tourism establishment 
grading. The study identifies variables that influence the grading of tourism establishments. The use of 
AI reasoning and modelling was deployed on Bayesian networks to construct a computational 





studies only investigated the factors influencing the grading of tourism establishments. This study is 
different in that it also investigates and determines the degree of influence each identified factor has 
on the grading of tourism establishments.  Therefore, the study contributes new knowledge on the 
dynamics of tourism grading and also contributes to the existing body of knowledge. Furthermore, the 
research study provides tourism grading practitioners at SAT, the TGCSA and the South African 
Department of Tourism with a computational framework for increasing the number of graded 
establishments in South Africa. The research outcomes will also provide tourism grading practitioners 
with information on factors influencing grading, as well as their importance, which will support 
informed decisions on initiatives and programmes to increase the number of graded tourism 
establishments. 
1.7 RESEARCH REPORT STRUCTURE  
This section presents the research layout, and provides a brief discussion and introduction of each of 
the research chapters. This research study comprises seven chapters, illustrated in Figure 1.1.  
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CHAPTER 1: This chapter provided an introduction to and background of the research study. The 
theoretical framework for this research study was mentioned briefly.  Furthermore, the research 
problem, research questions, research objective and significance of the study were highlighted. 
CHAPTER 2: This chapter presents an overview of various factors influencing the grading of tourism 
establishments. Other research studies that have been conducted in the past which are similar to this 
research study are examined. The contribution of tourism in South Africa to job creation and the GDP 
is explored. The chapter culminates in a discussion of the definitions, concepts and processes of 
tourism establishment grading. 
CHAPTER 3: In this chapter the research design and methodology utilised in this research study are 
discussed. The data collection technique, sample and participants, sampling techniques, as well as the 
approach utilised in gathering the research findings are described in detail. The chapter culminates in 
a discussion of relevant AI methods for this research, including their advantages and disadvantages.   
CHAPTER 4:  This chapter presents the data collection results. The data preparation and cleaning 
methodologies employed in this research study are discussed. 
CHAPTER 5:  The results of the research experiments conducted using Bayesian network methods, 
namely prior marginal, posterior marginal, maximum a posterior, most probable explanation and 
sensitivity analysis, are presented. 
CHAPTER 6: The research findings are interpreted and discussed in relation to the research objectives 
and questions. The research findings are compared to those of related research studies. 
CHAPTER 7: This chapter presents a summary of the research study findings in relation to the research 
objectives. The chapter concludes with a discussion of limitations of the study and opportunities for 
future research. 
1.8 CHAPTER SUMMARY  
In Chapter 1 the research study was introduced, highlighting the importance of tourism in eradicating 
poverty, creating jobs and leading to economic growth. The competitive nature of the tourism sector 
was discussed; provision of quality customer services and facilities are key towards profitability and 
business survival. Tourism grading was discussed as one of the mechanisms for improving customer 
services and facilities. The low number of graded tourism establishments in South Africa was presented 
as the research problem for this research study. This research study will provide a practical framework 
for increasing the number of graded tourism establishments, which can be used by various tourism 






CHAPTER 2: LITERATURE REVIEW ON FACTORS INFLUENCING 
GRADING AND APPLICATION OF AI IN TOURISM  
 
2.1 INTRODUCTION 
This literature review was conducted to gain insight into research studies conducted in the past which 
are similar to this research study. It was also conducted in order to inform the implementation strategy 
of this research study.  
Tourism grading systems are utilised in almost all countries (Sufi, 2019).  Countries use tourism grading 
systems to improve quality of tourism products and services offerings in order to achieve competitive 
edge over competing countries (Wadawi, 2011).  Furthermore, graded tourism establishments have a 
competitive edge over non-graded establishments (Dash & Sharma, 2019). However, challenges such 
as grading cost and unsatisfactory benefits have been identified as some the factors for non-grading 
of tourism establishments (Vallen & Vallen, 2005).   
The application of AI in tourism is increasing (Zlatanov & Popesku, 2019). Various AI methods have 
been utilised to develop models for predicting tourism demand and arrivals. However, limited research 
literature exists on the application of AI for grading tourism establishments.  Similarly, research 
literature on factors influencing the grading of tourism establishments is limited.   
The main goal of this chapter is therefore to get insights into variables which influence tourism grading, 
as well to get a deeper understanding of relevant AI methods for developing a predictive model for 
increasing the number of graded tourism establishments.  This goal was achieved by reviewing a 
number of domestic and international research studies on tourism grading and on the application of 
AI in tourism.  The chapter also discusses various concepts and definitions related to the grading of 
tourism establishments. The chapter further provides a detailed discussion on the state and 
contribution of both international and domestic tourism in South Africa.  
The rest of this chapter is structured as follows: A detailed review on previous studies conducted on 
tourism grading is provided on section 2.2. The aim of the section is to identify, discuss and compare 
variables influencing tourism grading. Section 2.3 reviews previous research studies conducted on the 
application of AI in tourism. This section provides insights into the relevant AI methods available for 
constructing a computational model for increasing the number of graded tourism establishments. The 
concepts and definitions of tourism grading, as well as the state and contribution of both international 
and domestic tourism in South Africa is discussed in section 2.4. The chapter culminates with summary 






2.2 PREVIOUS RESEARCH STUDIES ON TOURISM GRADING 
Kiplagat, Makindi & Obwoyere (2014) conducted a study to analyse hotel grading and its implication 
on revenue of rated hotels in Kenya.  Data for the study was collected using a quantitative 
questionnaire from 50 hotel managers in Nairobi.  The collected data was analysed using Microsoft 
Excel spreadsheet tool.  The results showed that hotels use grading to increase customer service, and 
also confirmed a positive relationship between hotel grading and improved customer service. A 
positive relationship between occupancy rate and hotel grading was also identified.  Furthermore, the 
study found a strong positive relationship between grading and hotel revenue. This strongly indicates 
that hotels need to increase their star grading in order to increase revenue.  Negatively, the results 
also indicated that the cost of grading was high. This indicates that hotels with limited financial 
resources may struggle to get graded or retain their grading memberships. This study identified three 
variables which hotel managers regard as important towards tourism grading.  
The TGCSA (2017) undertook a research study with the objective to understand the perception of the 
tourism sector on the importance and value of grading in South Africa. Data for the research study was 
collected using a quantitative questionnaire from numerous research participants. The research 
participants included tourism establishment owners and managers, tourism associations, tourists, 
TGCSA grading assessors, travel-related service business owners, SAT representatives and provincial 
tourism associations. The research study findings showed that tourism establishment owners 
identified four main reasons for being or not being graded, namely cost of grading, client base, 
stringent requirements and grading benefits.  Furthermore, establishment owners who opted not to 
renew their grading membership gave eight reasons for not doing so, namely unsatisfactory benefits, 
expensive grading, subjective grading, no change in client base, changes in TGCSA standards, 
unattainable criteria, no changes in occupancy rate and change in ownership of establishment.  Key 
recommendations on the grading system from all research participants included provision of training 
on the grading application system, financial assistance regarding grading cost, tangible benefits and a 
simplified grading application system.  Although the studies investigated factors influencing the 
grading of tourism establishments, the relationship between each variable was not investigated. The 
extent to which each factor influenced the grading of tourism establishments was not determined 
either. 
Tanner (2003) conducted a study to evaluate the manner in which grading is assisting entrepreneurs 
in performing the marketing function of bed and breakfast (B&B) establishments. The data for the 
study was collected from B&B owners belonging to KwaZulu-Natal bed and breakfast associations, 
using a qualitative questionnaire survey.  The research data collected determined the perceptions and 





was used to understand the role of grading in assisting entrepreneurs in marketing their B&B 
establishments. The findings of the study indicated that the majority of B&B owners perceived grading 
to be beneficial to tourism establishments, particularly in improving marketing, profit, client base as 
well as standard of services and facilities. However, these owners indicated that grading cost was high, 
a subsidy on grading cost should be provided, grading systems should be simplified and training should 
be provided to both tourism establishment owners and grading officers on the grading process. The 
study found that marketing and positioning opportunities presented by grading did influence the way 
B&B owners performed their brand and marketing functions because owners of graded B&B 
establishments were most likely to use digital media provided by the TGCSA to market their 
establishments.  However, this research study is old, and its findings may not be applicable as the 
economic conditions have changed significantly since 2003. The GDP growth in South Africa for 2003 
was 2.9% (World Bank, 2014), compared to the -0.8% contraction in the fourth quarter of 2019, which 
resulted in a technical recession (Stats SA, 2019). This has resulted in numerous businesses struggling 
to stay afloat, which saw an increase in the number of company liquidations by 11% in 2019 (Stats SA, 
2019).  
Du Plessis and Saayman (2010) undertook a study to investigate the correlation between tourism 
grading and price among tourism accommodation establishments. Data was collected from 2 457 
tourism accommodation establishment owners, belonging to three main associations in the tourism 
accommodation market, namely the Federated Hospitality Association of South Africa (FEDHASA), the 
TGCSA and South African Tourism Service Accommodation (SATSA). Correlation analysis was then used 
to determine the relationship between tourism accommodation grading and pricing. The research 
found a significant positive relationship between grading and price among various types of tourism 
accommodation establishments in South Africa.  The research results further indicated that the 
primary objective of grading was to ensure the provision of quality customer service and value for 
money, as well as to obtain competitive advantage. The study was significant in that it proved that 
grading can be used to gain a competitive advantage over competitors, and price could also be used in 
business survival. However, the study did not fully investigate factors affecting tourism grading. The 
use of grading in price and competitive advantage may be considered to be benefits provided by 
grading.  
Narangajavana and Hu (2017) conducted a research study to examine the correlation between the 
hotel rating/grading system, service quality improvement and hotel performance changes in Thailand.  
Research data was collected from a total of 306 tourism accommodation managers, and their 
perceptions of the impact of hotel grading on customer service quality were captured. The study 





surroundings, hotel employees, as well as prestige.  The study found that cost of grading was a major 
obstacle towards the grading of establishments, particularly for small and medium enterprises.  The 
majority of research respondents were aware of the grading system and showed interest, but never 
applied for grading. The study found that workshops for establishment owners were needed in an 
effort to encourage them to apply. This may indicate that many tourism establishment owners 
perceive the grading application system to be complex. A significant correlation was found between 
service quality improvement, hotel performance and grading. The study also found a significant 
relationship between sales, occupancy rate and grading. Although the research study did not fully 
investigate factors affecting tourism grading, it indicated the benefits provided by grading. The study 
also identified the cost of grading as a key factor in the grading of tourism establishments. 
2.3 PREVIOUS RESEARCH STUDIES ON TOURISM DEMAND AND TOURIST ARRIVALS USING 
AI METHODS 
Caicedo-Torres and Payares (2017) designed a model for forecasting occupancy rate and demand in 
the tourism accommodation sector using four machine learning algorithms, namely radial basis 
function networks, multi-layer perception, kernel ridge regression and ridge regression. To construct 
the model, historic reservation and occupation data from 1 July 2008 to 30 June 2019 (2 191 days) was 
used.    The experiments for each of the four models were conducted using six variables, namely 
tourism season, day of week, day of month, month of year, number of reservations and number of 
public holidays present between the current and following seven days. Comparison of the four 
forecasting models indicated that ridge regression outperformed the other three competing 
forecasting models. The model incorporated quality of customer service as well as the star grading of 
the accommodation establishment.  
Blagojević’, Gajić and Djokić (2012) conducted a research study with the main objective of identifying 
variables that influence tourist destination preferences. They used Bayesian networks and analytical 
hierarchy process (AHP) tools to develop a marketing approach to define tourists’ preferences. 
Bayesian network modelling was used to graphically determine and display the connection between 
tourists with similar taste and their interrelationships. The variables used to construct the Bayesian 
network model were informed by the existing literature within the travel domain. The tourist-related 
variables included occupation, age, travel type, personality, tour motivation and preferred activities.  
AHP was used to rank tourist attractions drawing on past experiences. The attraction-related variables 
for the application of the AHP included price, supply, quality and distance.   The results of the research 
study indicated that the constructed AHP model could support decision making within the tourist 
domain. Furthermore, the constructed Bayesian model provided key insight into attributes which 





constructed, but it may be improved through incorporation of the marital status variable, as it may 
significantly influence tour motivation and preferred activities.  
Wong, Song and Chon (2007) compared the tourism forecasting performance of various vector 
autoregressive (VAR) with that of the combination of the Bayesian network with VAR, described as 
Bayesian various vector autoregressive (BVAR). The experiments using the two forecasting methods 
were conducted using historical tourism demand data of Hong Kong. The variables included number 
of tourist arrivals, income of origin country, exchange rate, price index and numerous dummy variables 
such as war and the oil crisis. The study results indicated BVAR models outperformed VAR models with 
regard to forecasting tourism demand.  
Saayman and Saayman (2010) conducted a research study with the aim to design a tourism forecasting 
model for South Africa focusing on international tourist arrivals from Great Britain, the Netherlands, 
Germany, France and the USA.  Autoregressive integrated moving average (ARIMA), naïve model and 
Holt-Winters forecasting models were used to forecast international arrivals.  The experiments were 
conducted using historical data on international tourist arrivals in South Africa between 1994 and 2007 
obtained from Stats SA. The results of the study indicated that the ARIMA models provided the most 
accurate tourist forecasting. Forecasting models that took into account seasonal nature of tourism 
demand outperformed those that did not. Although the study was based on empirical evidence, it did 
not seek to identify nor to understand the underlying reasons for changes in tourist arrivals.  
Furthermore, the forecasting models did not include key tourism growth and demand factors such as 
price competitiveness (exchange rate), crime rate, transport cost, accommodation costs, natural 
disasters and infrastructure investments. 
A total of eight research studies conducted in the past and similar to this research study were reviewed 
in order to inform the implementation strategy of this research study. The previous studies provided 
valuable insight into variables influencing the grading of tourism establishments, as well as the 
advantages and disadvantages of using AI methods within the tourism domain. This further assisted in 
understanding the weaknesses and strengths of various AI methods, which was helpful in determining 
the ideal AI method for this research study. Table 2.1 lists the research studies that were reviewed as 
part of the literature review exercise. The table also summarises the methods, findings, location and 









Table 2.1: Summary of research studies reviewed  
TOPIC  RESEARCH OBJECTIVE AND METHOD RESEARCH FINDINGS RESEARCH 
LOCATION  
AUTHORS 
Perception of grading 
in South Africa 
Research objective: To understand the 
perception of the tourism sector 
regarding the importance and value of 
grading in South Africa.  
Data was collected over two calendar 
months using a quantitative 
questionnaire administered to tourism 
establishment owners and managers, 
tourism associations, tourists, TGCSA 
grading assessors, travel-related service 
business owners, SAT representatives and 
provincial tourism associations. Statistical 
analysis was applied to understand the 
perception of grading in South Africa, as 
well as factors influencing grading.  
Four main reasons why establishments were 
graded or not: 
 Cost of grading; 
 Client base; 
 Stringent requirements; and 
 Grading benefits. 
Establishment owners who opted not to renew 
their grading membership indicated eight 
reasons: 
 Unsatisfactory benefits; 
 Expensive grading; 
 Subjective grading; 
 No change in client base; 
 Unattainable criteria; and  
 No changes in occupancy rate. 
South Africa TGCSA (2017) 
Tourism grading as a 
marketing 
instrument in B&B 






Research objective: To evaluate how 
grading is assisting entrepreneurs in 
performing the marketing function of 
B&B establishments. 
A qualitative questionnaire was 
administered to B&B owners belonging to 
KwaZulu-Natal B&B associations.  The 
perceptions and opinions of these owners 
regarding the TGCSA grading system were 
examined.   
The B&B establishments were graded for the 
following reasons:   
 Improved marketing; 
 Increased profit and client base; and 
 Improved the standard of services and 
facilities.  
The majority of non-graded B&B owners 
indicated the following reasons for not being 
graded: 
 High cost of grading; 
 Non-satisfactory benefits; 





Grading and price in 
the accommodation 
sector of South Africa 
Research objective: To investigate the 
correlation between tourism grading and 
price in tourism accommodation 
establishments. 
Data was collected over a period of five 
months from 2 457 tourism 
accommodation establishment owners, 
belonging to three main associations in 
the tourism accommodation market: 
Federated Hospitality Association of 
South Africa, the TGCSA and South 
African Tourism Service Accommodation. 
Correlation analysis was used to 
determine the relationship between 
tourism accommodation grading and 
pricing.  
The research study found the following: 
 A positive relationship between 
between grading and price among various 
types of tourism accommodation 
establishments in South Africa. 
 Grading was being used by accommodation 
establishments for the primary purpose of 
providing quality customer service and value 
for money, as well as to obtain competitive 
advantage. 
















changes   
Research objective: To examine the 
correlation between the hotel 
rating/grading system, service quality 
improvement and hotel performance 
changes in Thailand. 
The research data was collected from 
hotel managers using a survey and 
analysed using descriptive statistics.  
The study found the following: 
 Cost of grading is a major obstacle to the 
grading of establishments, particularly for 
small and medium enterprises. 
  The grading application process was 
complex. 
 There is a positive relationship between 
service quality improvement, hotel 
performance and grading. 
Thailand Narangajavana 
and Hu (2017) 
 
Machine learning 
model for occupancy 
rates and demand 
forecasting in the 
hospitality industry  
Research objective: To design a model for 
forecasting occupancy rate and demand 
in the tourism hospitality sector using 
machine learning algorithms. 
Radial basis function networks, multi-
layer perception, kernel ridge regression 
and ridge regression were used as the 
machine learning algorithms. Historical 
reservation and occupation data from 1 
July 2008 to 30 June 2019 (2 191 days) 
was used. 
The ridge regression model outperformed the 
other three competing forecasting models. The 
model incorporated quality of customer service 
as well as the star grading of the 






network and AHP 
method as marketing 
approach tools in 
defining tourists' 
preferences 
Research objective: To identify variables 
influencing tourist destination 
preferences.   
Bayesian networks and AHP tools were 
used to develop a marketing approach to 
define tourists’ preferences.  
The following variables influenced tourist 
destination preference: 
 Occupation, age, personality of tourist; 
 Travel type; 
 Tour motivation for tourist; 
  Preferred activities for tourist; 
 Price of destination; and  







demand for Hong 
Kong tourism 
Research objective: To compare the 
tourism forecasting performance of VAR 
with that of the combination of BVAR. 
Historical tourism demand data of Hong 
Kong included the following variables: 
 Tourist arrivals; 
 income of origin country; 
 Exchange rate; and 
 Price index. 
The BVAR model outperformed VAR models 
with regard to forecasting tourism demand 
because the BVAR model could incorporate 




Wong et al. 
(2007) 
Forecasting tourist 
arrivals in South 
Africa 
Research objective: To forecast tourism 
arrivals into South Africa from Great 
Britain, the Netherlands, the USA, 
Germany and France. 
ARIMA, naïve model and Holt-Winters 
forecasting models were used to forecast 
Seasonal ARIMA models delivered the most 
accurate forecasting of arrivals over three time 
horizons, namely 3, 6 and 12 months. 







TOPIC  RESEARCH OBJECTIVE AND METHOD RESEARCH FINDINGS RESEARCH 
LOCATION  
AUTHORS 
the international arrivals.  Historical data 
on international tourist arrivals in South 
Africa between 1994 and 2007 obtained 
from Stats SA was used 
2.4 GRADING OF TOURISM ACCOMMODATION ESTABLISHMENTS IN SOUTH AFRICA  
Tourism grading, also known as tourism classification or tourism rating, is a quality assurance process 
in which tourism establishments are classified using nomenclature such as stars, denoting luxury of 
services and facilities provided (World Tourism Organization, 2015). The more stars an establishment 
is awarded, the more superior the luxury of services and facilities being provided (Khan & Fasih, 2014).  
There are over 100 tourism grading systems globally (Qing & Liu, 2013). In most countries grading of 
tourism establishments is mandated to government entities. In South Africa, grading of tourism 
establishments was started by the Hotel Board in 1965, and only hotels were graded (Du Plessis & 
Saayman, 2010).  According to Swart (1997), the narrow scope focusing only on hotels was inadequate, 
as the quality assurance standards could not be applied to the entire sector. Currently, the Tourism 
Grading Council of South Africa (TGCSA) is mandated to perform grading of tourism establishments in 
South Africa. The grading is performed using a star grading system which a scale of 1-5 star premium.  
In Italy, grading of hotels is performed and managed by the Italian hotel classification board which is a 
government entity. The grading is governed by the Italian General Policy Law for Tourism of 2001 
(Minazzi, 2010).  The system uses a star grading system with a scale between 1-5 stars. The star grading 
is the same as the one used by South Africa.  In contrary, the American Automobile Association (AAA) 
uses a diamond notation system for grading of tourism establishments in United States and Canada.  
The diamond grading scale which is used by AAA is between 1 and 5 (American Automobile Association, 
2008).  
2.4.1 OBJECTIVE OF THE TGCSA 
The TGCSA is the only body officially recognised for quality assurance of tourism establishments in 
South Africa (Department of Tourism, 2014). The main objective of the TGCSA is to ensure that a 
credible quality assurance process is applied across the entire spectrum of tourism accommodation 
facilities and services offered in South Africa (Saayman & Du Plessis, 2010).  The TGCSA quality assures 
various types of tourism establishments, which include guesthouses, lodges, caravan sites, camping 
grounds, backpackers, hotels, B&Bs, game reserves and meeting venues.  The grading ensures that 
South Africa, as a tourist destination, attains an optimal level of quality assurance and provides 





visits. However, despite the benefits of being graded, the number of graded tourism establishments in 
South Africa remains low, with approximately 16% of known tourism establishments being graded 
(TGCSA, 2017). 
2.4.2 POLICY AND LEGISLATION RELATED TO TGCSA 
The role of tourism grading policy and legislation is to provide clear guidelines and legal frameworks 
for the development, implementation and management of a universal grading system within a specific 
country.  The policy and guidelines provide tourism administrators with a detailed framework for 
operationalising the grading system, which may include the scope of establishments to be graded, as 
well as functions and human composition of the grading body. This is important as both protect 
tourism establishment owners through a well-documented legal framework, while also providing an 
approved mandate to the tourism grading body, for which government funding can be justified.  
The TGCSA was established under the Tourism Act 72 of 1993. Section 18 of the Act states (Department 
of Tourism, 2014): 
 “The Minister may upon the recommendations of the board, with a view to the maintenance or 
enhancement of the standards and quality of facilities and services rendered or made available by 
persons conducting grading of accommodation establishments, establish a grading and 
classification scheme in respect of accommodation establishments”  
2.4.3 GRADING REQUIREMENTS 
Grading requirements refer to the minimum standards which tourism establishments need to meet in 
order to be graded under a particular star or diamond level (Sepula, Kieti & Koriri, 2018).     The assessed 
aspects as part of the grading requirements include qualitative and intangible service-related 
components such as cleanliness and customer service, while physical requirements focus tangible 
requirements such as type of bedding, security features and flooring. In most countries, grading is 
mainly performed on hotel establishments (Fredrick, 2019). However, tourism grading is also 
performed other types of accommodation establishments, which include (Tanner,2003):  
Table 2.2: Establishment types  
ESTABLISHMENT TYPE DEFINITION 
 
Hotel 
A hotel is a business or building which provides 
overnight accommodation to tourists. It typically 
comprises of 10 or more bedrooms to rent out 







ESTABLISHMENT TYPE DEFINITION 
 
Guest 
A guesthouse is a business or building which 
offers lodging and sleeping facilities to tourists 
(Mauritius Tourism Association, 2017). 
 
Self-Catering 
Self-catering are establishments which offer 
accommodation facilities which allow tourists to 
prepare their meals (Nicod, Mungall & 
Henwood, 2006) 
Caravan and camping 
Caravan and camping establishments provide 
outdoor accommodation services where 
caravans and camping tents are used as 
overnight shelters by tourists (Brooker & Joppe, 
2014) 
Backpackers and hostels 
Backpacker and hostelling establishments 
provide communal and budgeted facilities to 
tourists.  (O’Rein, 2010). 
Venues 
Venues refer to meeting facilities which provide 
a dedicated environment for meetings. These 
can include meeting rooms or conference 
venues (Welthagen, 2019). 
 
 Hotel accommodation:   Hotel, small hotel, apartment hotel and boutique hotel. 
 Guest accommodation: Country house, guesthouse, B&B. 
 Self-catering accommodation: Self-catering exclusive and self-catering shared. 
 Caravan and camping: Caravan and camping and campsite. 
 Backpackers and hostels.  
 Game and nature lodges. 
 Venues: Conference centre, events venue and historical venue. 
The broad scope of tourism establishments falling within the grading scope ensures that quality 
standards can be applied to the entire tourism industry. This ensures that the process of quality 
assurance is constantly applied across tourism services and facilities offered to tourists (Du Plessis & 





The following are components which grading assessors evaluate during the quality assurance process. 
The evaluation results for each of the components contribute to whether a tourism establishment will 
meet the minimum grading requirements. In addition, the state and condition of the components also 
contribute to the star level given to the tourism establishment.      
 Exterior:   Building exterior, garden, parking, safety, security and related. 
 Bedrooms: Bedroom entrance, safety and security, bed and mattresses, linen, furniture and 
related. 
 Bathrooms: Flooring and ceiling, lighting and ventilation, fixtures and fittings and related. 
 Kitchens: Type of kitchen, safety and security, flooring, walling and ceiling, lighting and furnishings, 
electrical equipment and related. 
 Public areas: Decoration, bar, lounge and sitting areas, flooring, skirting, ceiling, heating, cooling 
and related. 
 Food and beverage facilities: Meal provision, menu presentation and related. 
 General and housekeeping: Attitude, friendliness, appearance of staff, reception, room service 
and related. 
The extensive number of components assessed as part of the grading exercise allows for 
comprehensive quality assurance of tourism establishments.  It ensures that all key components which 
contribute to customer service, satisfaction and loyalty are taken into account during the grading 
process (TGCSA, 2017).  The wide scope of components also assists in categorising tourism 
establishments into star grades. Furthermore, components such as security are critical to ensuring the 
safety of tourists. This comprehensive quality assurance system plays a critical role in South Africa’s 
quest to become a preferred tourist destination.      
2.4.4 DESCRIPTION OF GRADING STARS 
Classification of tourism establishments is important in that it allows for a standardised differentiation 
of tourism establishments based on quality of service and facilities. This also allows consumers to 
understand the level of quality of service and facilities that they can expect at a particular 
establishment. Grading stars are awarded to tourism establishments as part of the grading process. 
Tourist establishments can use their star grading level to determine the price which they will ask from 
consumers for the services and facilities (Teck & Karuppiah, 2019). The most common grading scale 
used is between 1 star and 5 star, which is used by countries such as Kenya, Italy, French, Spain and 
Germany (Fredrick, 2019). In 2019, South Africa revamped its grading scale to include 5 star premium 
(TGCA, 2019), as described below: 
 1 star:  Fair to good quality of service and facilities. 





 3 star: Very good quality of service. 
 4 star: Excellent comfort and quality of service with high standard of furnishings. 
 5 star: Exceptional service and luxurious furnishings.   
 5 star premium: Premium service and luxurious accommodation.   
2.4.5 STATE OF GRADING IN SOUTH AFRICA 
There are approximately 35 000 tourism accommodation establishments in South Africa, only 5 098 of 
which are graded by the TGCSA (TGCSA, 2017). This constitutes just over 16% of the total 
accommodation establishments in South Africa. The grading of accommodation establishments in 
South Africa remains voluntary. The high cost of grading has been cited by tourism establishments as 
the main reason for non-grading (TGCSA, 2017). The cost of grading in South Africa ranges from R2 268 
to R13 091 annually, depending on the number of rooms an establishment has (TGCSA, 2019). The 
more rooms, the higher the cost. Accordingly, the South African Department of Tourism introduced 
the Tourism Grading Support Programme (TGSP) in April 2015, which offers up to 90% discount to 
small and medium-sized accommodation establishments, particularly from disadvantaged 
backgrounds.  
2.4.5.1 Total graded tourism establishments per province  
There are 5 098 tourism establishments graded by the TGCSA across all 9 provinces in South Africa. 
The Western Cape has the most tourism graded establishments at 1 691, with the Northern Cape 
having the least at 141. Despite its vast land area, the Free State has the second least number of graded 
establishments at 152 out of a total of 744 known tourism establishments (TGCSA, 2017).  This means 
that only 20% of tourism establishments in the Free State are graded. Therefore, the low percentage 
of graded tourism establishments makes the Free State province an ideal place for gaining insight into 
factors which influence grading. Furthermore, the province has different types of tourism 
establishments within diverse locations, including rural, township, central business district and 






Figure 2.1: Graded tourism establishments per province  
2.4.5.2 Total graded establishments per grading star level in South Africa 
The official statistics on the 5-star premium grading level, which came into effect in April 2019, have 
not been released to the public (TGCSA, 2019).  The majority of tourism establishments in South Africa 
(2 364) are graded 4 star, followed by 2 085 graded 3 star.  The third-most graded category is 5 star, 
with a total of 449, followed by establishments graded 2 star at 171. The least graded category is 1 star 
with a total of 29. Although the process for tourism establishments to be graded 1 or 2 star are less 
stringent and expensive, there remains a very low number of tourism establishments graded at this 
level. In fact, these tourism establishments make up 0.56% of the total graded establishments, with 
those graded 2 star making up only 3.35%.  This may indicate that most establishments do not regard 
1- and 2-star grading as valuable, and would rather be graded from 3 star or remain non-graded. The 
grading process for 3 and 4 star is much less stringent and expensive than that for 5 star; hence more 
are graded 3 and 4 star than 5 star. Tourism establishments need to invest more funds in their service 
offerings and infrastructure in order to comply with the 5-star grading requirements.  Figure 2.2 depicts 






Figure 2.2: Graded tourism establishments per grading star level  
2.4.5.3 Graded establishments per grading star level in Free State  
The Free State has the second least number of graded establishments at 152 out of a total of 744 
known tourism establishments, which is only 20%.  It is due to this low percentage of graded tourism 
establishments, as well as the diverse settlement areas comprising rural and urban regions, that the 
Free State was selected as the preferred province for conducting this research study.  
The majority of tourism establishments in the Free State (75) are graded 3 star, followed by 64 
establishments graded 4 star.  The third-most graded categories are 5 star and 2 star, both with 6 each. 
The least graded category is 1 star with only one tourism establishment.  Similar to the national grading 
statistics, the Free State statistics indicate tourism establishments’ preference to be graded at either 
4 or 3 star. There does not seem to be much appetite for the 1- and 2-star grading categories, despite 
the two categories being the least stringent in terms of minimum requirements and being more 
affordable.  This may be an indication of the perception of the value provided by each grading category. 
The majority of tourism establishments are unable to comply with the stringent process for 5-star 
grading. This is due to the extensive funds which tourism establishments need to improve their service 
offerings and infrastructure in order to comply with the 5-star grading requirements.  
The low percentage in grading can be attributed to the lack of interest in the grading system, which 
may be as a result of the negative perception of grading benefits and cost. This is evident in the low 
numbers at 1- and 2-star grading level. However, it is better for tourism establishments to be graded 
1- or 2-star than not be graded at all. This is taking into account the fact that non-graded tourism 
establishments are unable to do business with government, as South African government officials 
travelling for official purposes are required to book only at graded establishments (Department of 





establishments in Mangaung Metropolitan Municipality do not hold grading in high esteem. This is the 
biggest municipality in the Free State. Figure 2.3 illustrates the grading statistics based on grading star 
level in the Free State (TGCSA, 2017).  
 
Figure 2.3: Graded tourism establishments per grading star level in Free State 
2.5 ECONOMIC IMPACT OF TOURISM IN SOUTH AFRICA  
South Africa recorded a combined total of 27.5 million domestic and international trips in 2017, 
translating to a decrease of 19.8% compared to the combined total of 34.3 million domestic and 
international trips in 2016. Tourism in South Africa contributed R136.1 billion in 2017, an increase of 
6.4% compared to the R127.9 billion for 2016 (SAT, 2017). This was a contribution of 3% to the GDP. 
In addition to monetary contribution, the South African tourism sector also contributed over 726 500 
formal jobs in 2017, which was a 1.4% increase compared to the 716 500 formal jobs in 2016 (SAT, 
2017). This suggests that South Africa may be losing its competitiveness as a preferred tourist 
destination. This is despite South Africa being ranked 19th in the world for its cultural resources and 
23rd for its natural resources, with regard to tourism competitiveness (World Economic Forum, 2017). 
Therefore, the decline in tourism trips may point to more operational and technical components such 
as affordability, tourism establishments’ infrastructure and customer service. Grading of tourism 
establishments ensures that South Africa, as a tourist destination, attains an optimal level of quality 
assurance and provides optimum value for money to travellers, which results in increased customer 
satisfaction and repeat visits. In terms of world tourism competitiveness, South Africa performed 
poorly in the area of tourist services infrastructure (World Economic Forum, 2017).  Figure 2.4 depicts 






Figure 2.4: 2017 vs 2016 tourism trips  
Jobs created by tourism in South Africa increased from 716 500 in 2016 to 726 500 in 2017 (SAT, 2017). 
The contribution of tourism to jobs in South Africa is vital. The unemployment rate in South Africa was 
recorded at 29.3% in 2019, the second worst since 2006 (Stats SA, 2019). Therefore, it is critical that 
mechanisms be put in place to ensure continued job creation by tourism in South Africa. Tourism 
grading is one of the mechanisms that can be used to promote and support job creation in the tourism 
sector. Increasing the number of graded establishments in South Africa will have a positive impact on 
South Africa’s international reputation as a preferred tourist destination, which ultimately will result 
in increased international and domestic trips, foreign income and job creation. Figure 2.5 compares 
the total tourism jobs in South Africa for 2017 and 2016 (TGCSA, 2017).   
 





The South African economy contracted by 1.4% between September and December of 2019, leading 
South Africa into a recession (Stats SA, 2019). Furthermore, the International Monetary Fund (IMF) 
forecasts South Africa’s GDP growth for 2020 at 5.8% (IMF, 2020).   The South African tourism sector’s 
contribution to the GDP has been increasing. It contributed R136.1 billion in 2017, translating to an 
increase of 6.4% compared to the R127.9 billion for 2016 (Department of Tourism, 2018). Economic 
growth is the most powerful instrument for improving quality of life, reducing poverty and creating 
jobs in developing countries (Department for International Development, 2009). Figure 2.6 compares 
the total contribution of tourism to the GDP in South Africa for 2017 and 2016 (TGCSA, 2017).   
 
Figure 2.6: 2017 vs 2016 tourism GDP contribution  
 
2.5.1 INTERNATIONAL (INBOUND) TOURISM IN SOUTH AFRICA  
South Africa recorded 10.3 million international tourist arrivals in 2017, which resulted in economic 
receipts of R80.7 billion. This was a 2.4% increase in tourist arrivals compared to 10 million recorded 
in 2016. Furthermore, the monetary receipts from inbound tourism increased by 6.9% in comparison 
to R75.5 billion received in 2016 (SAT, 2017).  
International (inbound) tourism can be regarded as vital for sustainable tourism and economic growth 
and development in South Africa for the following reasons (SAT, 2017): 
 International tourism contributes three times more to the GDP. 
 In 2017, international tourism trips increased by 6.8% compared to 2016, marking a growth 
for the eighth successive year. 






According to SAT (2018), personal safety and attractiveness of South Africa are among key factors 
affecting international tourism trips. The grading of tourism establishments addresses the 
attractiveness of a tourist destination in terms of quality of service and facilities provided, as well as 
their safety and security measures. Therefore, increasing the number of graded tourism 
establishments may positively impact on the number of international tourism trips, and ultimately 
increase foreign income from tourism. Figure 2.7 compares total inbound (international) trips and GDP 
contribution in South Africa for 2017 and 2016.  
 
 Figure 2.7: 2017 vs 2016 inbound tourism GDP contribution and tourist arrivals  
 
2.5.2 DOMESTIC TOURISM IN SOUTH AFRICA 
Domestic tourism trips accounted for more than 60% of the overall tourism trips recorded in South 
Africa for 2017. Approximately 17.2 million domestic tourism trips were recorded in South Africa for 
2017, which was a 29.3% decrease compared to the 24.3 million domestic trips recorded for 2016. 
Domestic tourism receipts decreased from R26.5 billion to R22.1 billion between 2016 and 2017. 
However, taking into account the decreased inflation rate in 2017, the decline in receipts is estimated 
at 21.9% (SAT, 2017).  
Domestic tourism has been decreasing since 2015, primarily due to difficult economic conditions. 
According to the study conducted by SAT (2017), South Africans stated non-affordability as the primary 
reason for not taking domestic trips.  However, there was an increase in the outbound tourism trips 
by South Africans between 2012 and 2016. In fact, South Africans spent a total of R78.5 billion in 2016 
on international trips (SAT, 2017). This indicates that many South Africans are starting to prefer holiday 
trips abroad, rather than going on local holiday trips. This rise in outbound tourism trips may be 





accommodation, as well as foreign cuisine. However, at the core of every tourist choice of a tourism 
destination is value derived. The grading of tourism establishments ensures provision of quality 
services and facilities, customer service, tourist experience and value for money. Figure 2.8 compares 
total inbound (international) trips and GDP contribution in South Africa for 2017 and 2016 (TGCSA, 
2017).
 
Figure 2.8: 2016 vs 2017 domestic tourism GDP contribution and tourist arrivals 
2.6 VARIABLES THAT INFLUENCE THE GRADING OF TOURISM ESTABLISHMENTS    
The literature study indicated numerous variables which were specified or found to have an influence 
on the grading of tourism establishments.  Grading benefits and cost of grading were the predominant 
variables specified across the literature studied. These variables were identified in research studies 
conducted in South Africa and abroad, as well as in a study conducted in the Free State. The TGCSA 
(2017) found that unsatisfactory benefits as well as the high cost of grading were factors affecting the 
grading of tourism establishments. Narangajavana and Hu (2017) also found that grading cost was a 
hindrance to grading, particularly for small and medium enterprises.  They highlighted that grading of 
establishments improved customer service and hotel performance.   Du Plessis and Saayman (2010) 
established a relationship between the price of tourist products and grading, and found that grading 
assists tourism establishments in gaining a competitive advantage over their competitors.  These 
sentiments were also shared in the study conducted by Tanner (2003), in which the majority of the B&B 
owners surveyed indicated that grading cost was high and that a subsidy on grading cost should be 
provided. Other benefits provided by grading were access to marketing, increase in customer base and 
ability to increase price to match quality. 
The subjective, difficult and stringent nature of the grading application process was also indicated as a 





the grading application process.  The study conducted by Narangajavana and Hu (2017) found that the 
majority of tourism establishment owners who participated in the research study perceived the grading 
application process to be difficult. Tanner (2003) suggested that grading systems should be simplified, 
and that training should be provided to both tourism establishment owners and grading officers on the 
grading process.  
Another key finding of the literature study was that the primary objective of grading is to ensure 
provision of quality customer service and value for money, as well as to obtain competitive advantage 
(Du Plessis & Saayman, 2010). This is significant as it proves that grading can be used to gain a 
competitive advantage over competitors, and price can also be used for business survival. Table 2.2 
highlights the variables identified from the literature study as having an influence on the grading of 
tourism establishments.   
Table 2.2: Variables influencing the grading of tourism establishments 
VARIABLE DESCRIPTION REFERENCE 
Cost of grading The monetary value which tourism establishment 
owners have to pay for grading their establishment 
influences whether their establishments will be 
graded or not.  
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Grading benefits 
 
The grading benefits which tourism establishments 
receive influence whether their establishments will 
be graded or not. 
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 






The complexity level of the grading application 
process influences whether tourism establishment 




Narangajavana and Hu (2017) 




applicants on the 
grading process  
Training of prospective grading applicants will 
influence the perceived complexity level of the 
grading application process, thereby influencing 
whether tourism establishment owners will have 
their establishments graded or not. 
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Stringent grading 
process 
The stringent level of the grading application 







owners will have their establishments graded or 
not. 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Subjective 
grading process 
The subjective nature of the grading application 
process as perceived by tourism establishment 
owners influences whether their establishments 
will be graded or not.   
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
 
2.7 CHAPTER SUMMARY  
The literature review indicated the limited research that has been conducted on the application of AI in 
tourism grading. The majority of research conducted on tourism grading has focused on factors which 
affect the grading of tourism establishments. There have been numerous other research studies on 
understanding the effect grading has on price setting. The review of these related research studies 
assisted in identifying the key variables to include in the development of a computational intelligence 
framework for increasing the number of graded establishments.  
Tourism statistics in South Africa for 2016 and 2017 were also reviewed and presented as part of 
understanding the economic impact of tourism in South Africa. Tourism in South Africa contributed 
R136.1 billion to the GDP, which translated to 3% of the total GDP in South Africa. Furthermore, a total 
of 726 500 direct tourism jobs were created in 2017. However, domestic tourism trips declined in 2017, 
marking a fifth successive year of decline. International tourism trips and proceeds increased in 2017.  
The TGCSA is responsible for grading tourism establishments in South Africa. The purpose of grading is 
to ensure that a credible quality assurance process is applied across all the tourism accommodation 
facilities and services offered in South Africa.  Most of the graded tourism establishments are in the 
Western Cape and the least are in the Northern Cape. Most establishments in South Africa are graded 3 
or 4 star. The number of tourism establishments graded at this level remains low, despite the process 







CHAPTER 3: RESEARCH DESIGN AND METHODOLOGY 
 
3.1 INTRODUCTION  
In this chapter the research methodology and design utilised in this research study are discussed. The 
research methods, as well as the data collection and analysis methods used to find answers to the 
research questions are also described. The selection of the research methodological approach is 
justified. 
3.2 RESEARCH METHODOLOGY  
The research methodology defines how the research will be conducted. It refers to the approach in 
which evidence will be collected and analysed by the researcher. Bell (2003) defines research 
methodology as the systematic process of solving the research problem.  The research approach 
selected for this research study was the quantitative methodological approach.    
The first element of this research study was to identify variables that influence the grading of tourism 
establishments, and use them to construct a computational intelligence framework for increasing the 
number of graded tourism establishments. A Bayesian network model was constructed to aid the 
development of the framework. The model was constructed using the Sensitivity Analysis, Modelling, 
Inference and More (SAMIAM) tool (Automated Reasoning Group, 2010). Experiments conducted on 
the model included computation of sensitivity analysis, maximum a posterior hypothesis, most 
probable explanation, prior marginal and posterior marginal using the SAMIAM tool. To ensure that 
the variables for the constructed model were relevant and valid, telephone interviews with grading 
experts were conducted. Furthermore, online surveys were also administered to accommodation 
establishment owners and managers to ensure a comprehensive knowledge base for the construction 
of the model. 
3.3 RESEARCH DESIGN  
There are various definitions of research design. The research design refers to what was done in the 
research study in answering the research questions.  According to Welman, Kruger and Mitchell (2005), 
research design is a detailed plan for which research data and participants are obtained. Trochim 
(2006) defines research design as the structure of the research study. A mixed methodological 
approach using both quantitative and qualitative methods was adopted to construct a computational 
intelligence framework for increasing the number of graded tourism establishments.  The primary data 
for this research was collected from tourism establishment owners and managers using an online 
survey, and telephone interviews were conducted with grading assessors from the TGCSA. The online 





received. The 737 tourism establishments identified for this research study comprised of 145 graded 
and 592 non-graded tourism establishments.  The graded tourism establishments were identified from 
TGCSA’s website, while non-graded tourism establishments were identified using a database from SAT. 
The data collected from the owners and managers was analysed to identify factors that have an 
influence on the grading of tourism establishments.  Telephone interviews were then conducted with 
three quality assurance specialists. The purpose of these interviews was to validate variables identified 
by tourism establishment owners and managers during the online survey as having an influence on the 
grading of tourism establishments. The interviews were also used to identify additional variables 
influencing the grading of tourism establishments that were not specified during the online survey. 
The identified variables by tourism establishment owners and managers, as well as those identified by 
the TGCSA grading professionals were then further analysed and consolidated.     
 3.3.1 SURVEY  
Welman et al. (2005) define a survey as a form of non-experimental research. Cherry (2015) describes 
a survey as a tool for collecting data about individuals. Trochim (2006) describes a survey as any 
measurement procedure for questioning respondents, which includes interviews and questionnaires. 
A survey can be administered through an interview, where the researcher asks participants questions 
face-to-face or by telephone. The questionnaire can also be self-administered, where the research 
participants complete the questionnaire on their own. As with any other data collection method, a 
survey has strengths and weaknesses.  The strengths of a survey are the ability to allow the researcher 
to gather a large amount of data within a short period of time and also administer it through online 
platforms at a lower cost compared to other data collection methods. The weaknesses of the survey 
include the potential collection of inaccurate information as a result of a badly designed survey 
questionnaire and the fact that participants’ answers may not reflect their true feelings due to a 
random selection of answers. 
There are several types of survey methods, which include mail, online survey, telephone and 
interviews. A self-administered online survey was one of the preferred methods for this research study 
because of the excessive travelling that would have been required to access the tourism 
establishments. The survey questionnaire was developed using Survey Monkey and sent by e-mail to 
tourism establishment owners and managers. The main aim of the online questionnaire was to identify 
the variables that influence the grading of tourism establishments.   
3.3.2 INTERVIEWS  
The interview data collection method involves the researcher asking questions to participants of the 





In addition to the online questionnaire data collection methodological approach, telephone interviews 
were conducted with three grading professionals from the TGCSA, comprising two quality assurance 
specialists and one chief quality officer. The primary objective of the telephone interviews was to 
validate variables identified by tourism establishment owners and managers during the online survey 
as having an influence on the grading of tourism establishments. The interviews were also used to 
identify additional variables influencing the grading of tourism establishments that were not specified 
during the online survey.   
Telephone interviews were preferred over face-to-face interviews due to the researcher being 
cautious of the busy schedule of the grading professionals from the TGCSA. Due to challenges in 
scheduling appointments, telephone interviews were conducted with only three grading experts. 
3.3.3 RESEARCH SETTING  
The research setting can be seen as the physical, social and cultural site in which the researcher 
conducts the study (Lisa, 2008). This research study was conducted using data collected from tourism 
establishments located in the Free State, South Africa. The Free State is a vast province with a total 
area of 129 825 km2 (Municipal Demarcation Board, 2018). The province was ideal for this research 
study, as it comprises different types of tourism establishments within diverse locations, including 
rural, township, central business district and metropolitan city areas.  Figure 3.1 depicts a map of the 
Free State. 
 





3.3.4 RESEARCH POPULATION 
Kanninen (2007) defines a research population as a list of sample units from which a researcher can 
select a suitable unit that can be surveyed for the purpose of achieving the objectives of the research 
study.  Strydom and Venter (2002) define research population as a sampling frame containing a list 
which may include organisational units, persons, events or other sampling units which the research 
problem is concerned with. The sampling frame for this research comprised of 737 tourism 
establishments in the Free State. The sampling was compiled using a database from SAT and tourism 
establishments listed on TGCSA website. Convenience sampling was preferred for this research study, 
as only tourism establishments on the TGCSA website and SAT database were selected.    
3.3.5 SAMPLING PROCEDURE 
A sample is defined as a subset of a larger population (Zikmund, Carr, Griffin & Babin, 2013). Venter 
and Strydom (2002) define sampling as the type of sample which is informed by the judgement of the 
researcher, and comprises elements with the most attributes or are representative of a larger 
population.  The sample is used to draw conclusions about the whole population.  Therefore, it is 
critical that the researcher utilise effective sampling tools to draw a sample which is a true 
representation of the population and which is not biased.  
The population of this study comprised graded and non-graded tourism establishments located in the 
Free State.  The sample was drawn based on the types of tourism accommodation establishments.  
Furthermore, the research study population also included grading experts from the TGCSA.  The 
research study utilised convenience sampling, which is also known as non-probability sampling.  
However, not every tourism accommodation establishment located in the Free State had an equal 
chance of being selected.  This research study utilised two lists of tourism accommodation 
establishments located in the Free State, one for graded establishments and the other for non-graded 
establishments. The two lists are not exhaustive as a census has never been conducted in the Free 
State to determine or verify how many tourism establishments exist. It is against this background that 
a non-probability sampling technique was preferred for this research study. The strength of non-
probability sampling is that it is convenient and less costly than most sampling methods (Gingery, 
2009). However, the method is susceptible to bias and sampling errors. 
Scheduling interviews with grading professionals proved to be challenging due to their busy schedule. 
Therefore, a convenient sampling method was preferred for this research study.  The convenience 
sampling method is based on data collection from members of a research population willing to 
participate in the research study (Price, 2013). Convenience sampling is ideal for hypothesis generation 





Table 3.1 indicates the target distribution across various types of tourism accommodation 
establishments that were targeted in this research process. The selection was a diverse range of 
tourism establishments to ensure that the outcome of the research study findings could be generalised 
to the larger population.  Therefore, different types of tourism accommodation establishments were 
selected as participants for comparative purposes. 
Table 3.1: Number and types of tourism accommodation establishments targeted   
RESPONDENT  TYPE OF RESPONDENT NUMBER 
Ungraded establishments  Backpackers and hostels 4 
 Bed and breakfast 118 
 Caravan and camping 9 
 Country house  25 
 Game lodge 2 
 Guesthouse 264 
  Hotel 52 
 Lodge 36 
 Self-catering 81 
 TOTAL 592 
Graded establishments Backpackers and hostels 2 
 Bed and breakfast 12 
 Caravan and camping 3 
 Country house  10 
 Game lodge 3 
 Guesthouse 61 
 Hotel 25 
 Self-catering 22 
 TOTAL 145 
A total of 737 tourism accommodation establishments located in the Free State were targeted in this 





establishments. The target sample of 145 graded tourism establishments was adequate, considering 
that there are 152 graded establishments in the Free State (TGCSA, 2017).  
In addition, three grading professionals participated in this research study to validate the variables 
identified from the literature study as well as those identified by tourism establishment owners and 
managers through the online survey.  
3.4 DATA COLLECTION  
Secondary and primary data were collected in this research study.  Secondary data was collected to 
identify variables that influence the grading of tourism establishments. The literature study was 
conducted for collecting secondary data. This included reviewing past research papers and studies, as 
well as strategic documents from the Department of Tourism, the TGCSA and SAT. The identified 
variables contributed towards the development of the online questionnaire and telephone interview 
questions used for collecting primary data. 
3.4.1 LITERATURE STUDY AND DOCUMENTATION 
A literature study was conducted to identify variables that influence the grading of tourism 
establishments.  Strategic documents from the Department of Tourism, the TGCSA and SAT were 
examined.  The literature study exercise also included reviewing a total of eight academic research 
papers. These papers comprised four studies related to the grading of tourism establishments, and 
four related to AI.  
3.4.2 TESTING OF ONLINE SURVEY QUESTIONNAIRE 
A pilot study was conducted as part of testing and improving the online survey questionnaire. It was 
conducted on 39 tourism accommodation establishments. The feedback received was used to improve 
the online questionnaire. The improvements included revised terminology, precise questions, 
increased standardised question formats and better readability, which all improved ease of use for 
research participants. Furthermore, the data analysis indicated that additional layout improvements 
and unambiguous instructions were also needed to improve the user friendliness of the online survey 
questionnaire. 
3.4.3 ONLINE SURVEY 
An online survey questionnaire was administered to 737 tourism accommodation establishments 
located in the Free State. 87 responses were received, 27 of which were from graded and 60 from non-
graded tourism establishments. The questionnaire was designed and self-administered using Survey 
Monkey. The respondents were given four weeks to complete the questionnaire, with reminders being 
sent weekly to non-respondents.  The online survey questionnaire was used to identify variables that 





construct a computational intelligence framework for increasing the number of graded tourism 
establishments, using Bayesian network modelling. 
3.4.4 DESIGN OF ONLINE SURVEY QUESTIONNAIRE 
The online questionnaire consisted of five sections. The questions (Annexure A) were informed and 
derived from related research studies conducted in the past. Table 3.2 indicates the section, questions 
and the references which informed the questions in the respective sections. 
Table 3.2: Questions used in research study questionnaire 
SECTION QUESTIONS  REFERENCES 







(This section consisted of general 





1A. Type of this 
Accommodation 
Establishment  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
2A. Please specify your 
designation within this 
Accommodation 
Establishment 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
3A. Please specify the 
following in terms of ths 
establishment capacity: 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
4A. This Accommodation 
Establishment is located at a / 
an 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 






SECTION QUESTIONS  REFERENCES 
5A. This Accommodation 
Establishment has been 
operating for 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
Section B: Grading position of 





(This section consisted of questions 
about the accomodation 
establishment’s grading position) 
 
 
1B.  I know about the Tourism 
Grading Council of South 
Africa (TGCSA): 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
2B.  I understand the work 
that TGCSA does: 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
3B. How best would you 
describe the benefits provided 
by TGCSA ? 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
4B. How would you describe 
the cost Establishments being 
graded by TGCSA? 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 






SECTION QUESTIONS  REFERENCES 
5B. The process of grading of 
establishments by TGCSA is: 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 




(This section consisted of 
questions relavant to graded 
establishments) 
 
1C. This Accommodation 
Establishment is currently 
graded by the Tourism 
Grading Council of South 
Africa:  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
2C. Please indicate the Star 
Grading Level Accommodation 
Establishment’s Star Grading 
Level is:  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
3C. This Accomodation 
Establishment has been 
graded by Tourism Grading 
Council of South Africa for: 
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
3C. Please specify benefits 
which this Accomodation 
Establishment currently 
experiences from being 
graded by TGCSA:  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 






SECTION QUESTIONS  REFERENCES 
4C. I want to remain graded by 
TGCSA:  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu 
(2017) 
Du Plessis and Saayman 
(2010) 
3.4.5 TELEPHONE INTERVIEWS 
The purpose of the structured telephone interviews was to validate and supplement the findings of the 
online survey and literature review. The interviews focused on the variables influencing the grading of 
tourism accommodation establishments. Respondents were grading experts. Based on time and 
availability, three telephone interviews were conducted with grading professionals from the TGCSA, i.e. 
two quality assurance specialists and one chief quality officer. 
3.4.6 DATA ANALYSIS  
Descriptive statistics were utilised to organise, prepare and summarise the quantitative data collected 
using the online survey. Visual data representations, which include graphs and tables, are used to 
present the collected data.  In addition, frequency tables are used to summarise participants’ responses 
as percentages and frequency counts, and also reflect the primarily ordinal and nominal measures 
utilised in the data analysis. The collected data was analysed and prepared through the use of pre-set 
categories, which were based on the online survey and literature study.  
3.4.7 VALIDITY AND RELIABILITY OF RESEARCH STUDY  
Validity and reliability are vital components of data collection techniques and procedures, and also play 
a crucial role in the credibility of a research study.  There are several types of validity and reliability 
concepts, which can be identified within the research paradigm being utilised (Cohen, Manion & 
Morrison, 2000). Validity refers to the degree to which a research instrument measures what it is 
supposed to measure (Leedy & Ellis, 2005).  Reliability measures the degree to which data gathering 
analysis and techniques will produce consistent results (Saunders, Thornhill & Lewis, 2003).  Its main 
purpose is to minimise bias and errors in a research study (Yin, 2003). There are various types of validity 
implementation within a research study. Construct validity involves defining the accurate operational 
measures for the concept research studied. Internal validity requires the establishment of a causal 
relationship between attributes. External validity measures the degree to which research results or 





In this research study, the draft questionnaire was shared with three grading experts from the TGCSA 
for their input as part of the research validation process. More specifically, the following 
recommendations and inputs were made, which were all incorporated into the final questionnaire. 
 A question related to location of the tourism establishment should be included. 
 A question related to computer literacy should be included. 
Furthermore, internal quality assurance mechanisms provided by Survey Monkey were utilised to 
ensure that the data gathered was reliable and not corrupted. Data validation rules were also 
implemented for the online survey questionnaire to ensure that responses were received in the correct 
data type. Furthermore, the Survey Monkey database management system enabled unique 
identification of each research participant’s response.   
3.4.8 DATA COLLECTION LIMITATIONS 
One of the limitations was the time constraints for conducting this research study. This is because a 
comprehensive database of tourism accommodation establishments based in the Free State does not 
exist. Attempting to conduct a census of tourism accommodation establishments based in the Free State 
would have been expensive, and would have also resulted in extensive time spent on the road travelling 
to each establishment.  
Thus, a sampling frame for this research study had to be constructed using data from the TGCSA website 
and the SAT database, which ultimately dictated the use of the convenience sampling technique. 
Convenience sampling sometimes leads to bias and sampling errors (Karandikar, 2014). 
3.5 ARTIFICIAL INTELLIGENCE (AI) METHODS 
The Bayesian network model was used in this research study to aid the construction of a computational 
intelligence framework for increasing the number of graded tourism establishments. Naïve Bayes and 
artificial neural network (ANN) are competing AI techniques for constructing this model. Neither of these 
techniques could be used in this research study due to the insufficient data collected, for which 
comprised of 87 instances. 
The rest of this section provides a detailed discussion of Bayesian networks, ANN and naïve Bayes 
techniques. The disadvantages and advantages of each of the three algorithms are also discussed in 
detail.  
3.5.1 NAÏVE BAYES AND MULTINOMIAL NAÏVE BAYES 
Similar to Bayesian networks, naïve Bayes algorithms are also grounded on Bayes’ theorem, and 
therefore are generally perceived as another dimension of Bayesian networks.  Naïve Bayes is a 





to be of a certain category. It is a supervised classification algorithm in that it classifies future objects 
by assigning characteristics to records of a data sample. This is the reason naïve Bayes algorithms are 
referred to as probabilistic classifiers. 
In classifying objects, a naïve Bayes algorithm assumes that the influence of a certain characteristic is 
independent of other characteristics within the same data sample. In other words, all independent 
characteristics within the same data sample are assumed to be unrelated to each other; therefore, the 
presence or absence of a characteristic does not impact on the presence or absence of another. This 
means that the naïve Bayes does not consider relationships between variables when arriving at a 
conclusion.   
Ultimately, the results for the naïve Bayes algorithm indicate whether an object or instance is of a 
certain type or not of a certain type using probability. Tao, Zhang, Shi and Chen (2019) conducted a 
study to investigate tourists’ perceptions of air quality in China.  The study utilised a naïve Bayes 
algorithm to analyse tourists’ sentiments on social media.  
Table 3.3 illustrates the classification process of naïve Bayes algorithms in this study. In order to 
identify relevant social media sentiments for the study, the algorithm searched for social media 
sentiments containing the word “air”.   Relevant sentiments containing the words “freshening”, “fresh” 
and “comfortable” were deemed to indicate “Good Air Quality”. Relevant sentiments containing the 
words “Polluted” and “Pollution” were deemed to indicate “Poor Air Quality”. 
Table 3.3: Example of naïve Bayes algorithm’s real-world application (Tao et al. 2019) 
OBJECT/INSTANCE CLASSIFICATION 
“The air is freshning” Good Air Quality 
“The air is fresh” Good Air Quality 
“The air is polluted” Poor Air Quality 
“There is pollution in the air” Poor Air Quality 
 
There have been various applications of naïve Bayes within the tourism domain in the classification of 
tourism website content and building tourism destination recommender systems.  
The advantages of the naïve Bayes algorithm are that it is easy to understand and implement, scalable, 
and has strong capability in processing data independently of other data within the same data sample.  
Furthermore, naïve Bayes requires small training data to estimate the test data, resulting in a shorter 
data processing period.   Snae, Bruckner and Panawong (2015) used naïve Bayes algorithm to classify 





keywords, namely Attraction (At), Accommodation (Ac), Dining (D), Souvenir (S), OTOP (O) and Events 
(E). The study found that the naïve Bayes algorithm resulted in 100% precision in classifying websites 
with tourism content.    This can be attributed to its strong capability to handle data with missing 
values, and to process data independently of other data within the same data sample.  The 
disadvantages of the naïve Bayes algorithm are that it always assumes independence among variables, 
which makes it prone to inaccurate calculations and inaccuracy between any two binary predictors. Its 
vulnerability to incorrect calculations is increased by the fact that it always assigns a zero to missing 
values, and always arrives at a conclusion even through there is missing data. However, its ability to 
deal with missing data can be useful in other cases, as is evident in the study conducted by Snae et al. 
(2015).  
Table 3.4 indicates a list of the focus areas for which the naïve Bayes algorithm has been applied within 
the tourism domain.   
Table 3.4: Application of naïve Bayes within tourism domain  
FOCUS AREA REFERENCE 
Tourism media and websites Snae et al. (2015) 
Tourism destination decision Snae et al. (2015) 
Tourism big data analytics Hermanto, Ziaurrahman, Bianto and 
Setyanto (2018) 
Real-time optimal tourism route 
recommendation systems 
Mehmood, Ahmad and Kim (2019) 
Tourism demand forecast Makoni and Chikobvu (2018) 
3.5.2 ARTIFICIAL NEURAL NETWORK (ANN) 
ANN is a robust machine learning algorithm that provides a general approach to approximating 
discrete-valued, vector-valued and real-valued target functions.  Once developed, the ANN algorithm 
is trained solve complex problems which are related to real-world sensor data interpretation (Mitchell, 
2006).  The algorithm can be trained using two approaches, mainly supervised or unsupervised 
learning. Supervised learning requires that the algorithm manually be provided with desired outputs 
of specific inputs. Unsupervised learning takes place when the algorithm derives output from the input 
without external assistance. 
The ANN algorithm works by accepting input data, processing it and outputting it.  The outputting of 





 Association: associating input data with a particular instance or pattern;  
 Prediction: predicting a certain outcome using input data; 
 Classification: organising datasets or patterns into predefined categories; and 
 Clustering:  making sense of a unique feature and categorising it without any prior knowledge. 
The structure of the ANN self-changes based on internal and external information which runs through 
the network.  The ANN method is generally utilised to model complex relations between outputs and 
inputs as well as to discover outlines in data (Gong, Deng, Yang, Inouye, Perkins, Guan & Pirooznia, 
2007).  Figure 3.2 depicts the architecture of ANN. 
 
Figure 3.2: Architecture of ANN 
Application of ANN within the tourism domain  
ANN has been used for various purposes within the tourism domain, such as forecasting tourism 
demand, social media analysis and estimating the number of passengers for airlines. 
The advantages of the ANN algorithm are its ability to store data on the entire data network and to 
process incomplete knowledge. It has a high fault tolerance and strong parallel processing capability. 
This is evident in the study by Claveria and Torra (2015), who found that the ANN algorithm was more 
accurate than Elman networks. The disadvantages of the ANN algorithm are that it is computer 
hardware dependent as it requires computer processors with parallel processing abilities, has no 
formal modelling process for determining the ANN structure, requires large training data and behaves 
unpredictably. In the study conducted by Mijwil (2018), it was found that the ANN algorithm requires 
processers with parallel processing power, in accordance with its structure. The study also found that 





This reduces trust in the algorithm. Table 3.5 is a detailed list of the focus area for which ANN has been 
applied within the tourism domain. 
Table 3.5: Application of ANN within tourism domain  
FOCUS AREA REFERENCE 
Tourism transport service  Zandieh, Azadeh, Hadadi and Saberi 
(2009) 
Tourism demand forecasting Claveria and Torra (2015) 
Tourism perception on social media  Le, Pardo and Claster (2016) 
3.5.3 BAYESIAN NETWORKS 
The Bayesian networks modelling technique was first suggested by Pearl in 1985 (Olga, 2018). A 
Bayesian network model is a statistical model suitable for representing uncertain knowledge, and 
represents relationships among a set of events using directed acyclic graphs.  Bayesian networks are 
due to their ability to model complex problems which are categorised by uncertainty as well as indirect 
and direct effects (Lee, Song, Cho & Park, 2010).   
3.5.3.1 Structure of Bayesian network model 
The structure of a Bayesian network model includes a set of random variables as well as relationships 
between them. The random variables are depicted through the use of nodes with arcs representing 
relationships between the variables. The random variables can either be a child or parent variable, or 
both.  Variables at the bottom of the arcs are called child variables, whereas parent variables are those 
situated at the head of the arcs. In addition, Bayesian network variables can be defined as either a 
query variable, evidence variable or intermediary variable (Darwiche, 2009).  A query variable is a 
variable about which a question is asked. An evidence variable is defined as a variable whose known 
state can be utilised to find evidence about other variables. Lastly, an intermediary is neither an 
evidence nor a query variable, and it is used mainly to aid the modelling procedure. 
The Bayesian network graph representing the variables as well as their relationship is referred to as a 
directed acyclic graph.  Figure 3.3 shows that both Node B (Benefits) and Node GC (Grading Cost) are 
connected to Node IG (Increased Grading). Node B and Node GC are parent variables to Node IG. Node 
IG is a child variable to both Node B and Node GC. The relationship between the nodes can also be 
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Figure 3.3: Structure of Bayesian network model 
 
The structure of the Bayesian network model consists of the following components (Darwiche, 2009): 
 Knowledge structure: 
o Nodes represent variables. 
o Arcs depict probabilistic dependence among variables. 
o The strength of dependencies between variables is indicated by conditional probabilities. 
 Joint probability distribution as directed acyclic graph: 
o Structure for depicting knowledge concerning uncertain variables. 
o Computational structure for calculating the effect of evidence on beliefs.   
 Computational architecture: 
o Computes posterior probabilities using evidence about selected variables. 
o Uses probabilistic independence technique for efficient and effect computation.   
3.5.3.2 Modelling Bayesian networks 
The procedure for modelling Bayesian networks begins with a selection and definition of random 
variables to be considered as variables for the model. These variables can be classified as either a 
query, evidence or intermediary variable. Nodes of the model are then joined together using directed 
acyclic arcs to indicate relationships between them. The next step is to specify the conditional 
probability distribution of each variable using conditional probability distribution tables (Abramovici, 
Neubach, Fathi & Holland, 2008). The model and its related conditional probability distribution tables 
(CPTs) are usually defined and constructed using knowledge of domain experts or learning data.  In 
some instances, the techniques are utilised together to form a mixed technique. Finally, the prior and 
posterior are calculated using Bayes’ theorem based on the Bayesian network model variables and 
their relationships (Jensen, 2001). Posterior marginal is a marginal distribution calculated given some 
evidence. In other words, what is the value of a variable or set of variables given a certain value of one 








or more related variables? In contrast, prior marginal is a marginal distribution constructed given no 
evidence. In other words, the initialised probability values of a set of variables with no change to either 
of the variables.  
The model depicted in Figure 3.4 was considered for demonstrating the modelling procedures of 
Bayesian networks.  This model is used for detecting whether or not there is fire within a building using 
the following five variables: 
1. Fire (F): This variable indicates whether or not there is fire. It is true when there is fire, and 
false when there is no fire.  
2. Tampering (T): This variable indicates whether the alarm has been tampered with. It is true 
when the alarm has been tampered with, and false when the alarm has not been tampered 
with. 
3. Alarm (A): This variable indicates whether or not the alarm has triggered.  It is true when the 
alarm has triggered, and false when the alarm has not triggered.  
4. Smoke (S):  This variable indicates whether there is smoke in the building or not. It is true 
when there is smoke in the building, and false when there is no smoke in the building. 
5. Leaving (L): This variable indicates whether or not people are evacuating the building. It is true 
when people are evacuating the building, and false when people are not evacuating the 
building. 
The model indicates that the variables Fire and Tampering have a direct influence on whether or not 
the alarm will trigger. The understanding is that fire inside the building will cause the alarm to trigger, 
and the alarm will also trigger when it has been tampered with. Therefore, the relationship between 
them is captured as follows: Variable Fire and variable Tampering are parent variables to Node Alarm. 
There is also an understanding that when the alarm goes off, people will leave (evacuate) the building 
in numbers. This means a lot of people leaving the building may be as a result of the alarm triggering. 
Therefore, the relationship between Alarm and Leaving is expressed with variable Alarm being a parent 
variable to Leaving, and inversely variable Leaving being a child variable to Alarm. Finally, the presence 
of smoke within the building may indicate the presence of fire. Therefore, the relationship between 
variables Fire and Smoke is expressed with variable Fire being a parent variable to Smoke, and variable 
Smoke being a child variable to variable Fire.   
Therefore, at its simplest form, the model detects fire within the building based on whether the alarm 
has triggered, and if there is smoke within the building. The presence of smoke in the building and the 
triggering of the alarm increase the likelihood of fire being present in the building. In addition, the 
likelihood that the alarm has triggered is in turn increased by people evacuating the building.  This 





distribution tables are equivalent to knowledge bases in expert systems. Therefore, these tables hold 








Figure 3.4: Structure of Bayesian network model and related conditional probability tables 
 3.5.3.3 Conditional independence 
The concept of independence is dynamic in nature. Two events which are deemed to be independent 
at a particular point in time may later be found to be dependent after obtaining additional or new 
evidence. Using Figure 3.4 as an example, initially people leaving a building may be deemed to be 
independent of tampering with the alarm. However, this sentiment may change should it be known 
that people are leaving the building because the alarm has triggered, but further investigation indicates 
that the alarm was triggered by tampering. Upon obtaining this evidence, the relationship between 
tampering and people leaving the building will be deemed to be dependent on each other. 
3.5.3.4 Conditional probability distribution 
The concept of conditional probability distributions can be utilised for modelling uncertain beliefs.  The 
size of the joint probability distributions increases or decreases based on the number of variables of 
interest.  The more variables of interest, the larger the joint probability distributions, which may 
introduce both computational and modelling difficulties. In the event these challenges are addressed, 
Fire (F) P (F) 
True 0.01 
Smoke (S) Fire (F) P(F|S) 
True True 0.90 
True False 0.10 
False True 0.01 
False False 0.99 
Fire (F) Tampering (T) Alarm (A) P(A|F,T) 
True True True 0.5 
True False True 0.99 
False True True 0.85 
False False True 0.0001 
Alarm (A) Leaving (L) P(L|A) 
True True 0.88 
False True 0.001 
Tampering (T) P (F) 
True 0.02 
F: Fire  
S: Smoke 
T: Tampering  
A: Alarm  





it remains critical to ensure that the adapted conditional probability distributions exhibit the beliefs 
held regarding a given situation (Darwiche, 2009).     
The conditional probability distribution tables are equivalent to knowledge bases in expert systems 
(Darwiche, 2009). Therefore, they hold answers to all queries regarding a particular domain problem. 
The joint probability distribution can be constructed using any number and combination of relevant 
random variables. The probability that each combination of variables will occur needs to be indicated.   
The total probability for each combination of variables has to equate to 1.   
The following probabilistic expression illustrates joint probability distribution using one of the 
distribution tables for detection of fire. The expression   P (F = true, F = true, T = true) means “the 
probability of Alarm being true, when both Tampering is true and Fire is true”. Using the first row of 
Table 3.6 as an example, it means: 
When alarm has been tampered with, and there is fire in the building, there is a 0.99 chance that the 
alarm will be triggered.  
Table 3.6: Probability distribution table between variables Fire, Tampering and Alarm 
Fire (F) Tampering (T) Alarm (A) P(A|F,T) 
True True True 0.99 
True False True 0.99 
False True True 0.85 
False False True 0.0001 
3.5.3.5 Most probable explanation (MPE) 
MPE is a technique used to identify the most likely instantiation of network variables given certain 
evidence (Darwiche, 2009).  In other words, the main objective for constructing MPE is to understand 
the chances of a particular combination of outcomes between network variables occurring, given 
evidence of one or more network variables. The higher the MPE, the higher the likelihood of a 
particular combination of outcomes. MPE can be used to indicate the impact of variables on other 
related network variables.  This means that the likelihood of other networks having a certain outcome 
or values can be tested based on evidence of other variables.  A number of MPE calculations were 
done in this research study to answer and understand the impact of particular variables on other 
related network variables. 
3.5.3.6 Maximum a posterior hypothesis (MAP) 
MAP is used to identify the most likely instantiation of a subset of network variables given certain 
evidence (Darwiche, 2009).  Whereas MPE is concerned with the general instantiation of all network 





means that MAP is a special case of MPE. As with MPE, MAP can also be utilised to analyse the impact 
of variables on their related network variables. A number of MAP calculations were done in this 
research study to answer and understand the impact of particular variables on other related network 
variables. 
3.5.3.7 Sensitivity analysis 
Sensitivity analysis is a technique which allows analysis of relationships between related variables of a 
Bayesian network model, as well as the impact each variable value change has on other variables of 
the same network model (Darwiche, 2009). Furthermore, this technique allows for effective indication 
of the degree to which a variable value needs to change in order to obtain the preferred results of 
other related network variables.  For illustration, consider Figure 3.5: 




Figure 3.5: Bayesian network model for illustration of sensitivity analysis technique 
The sensitivity analysis technique could be used to determine what value changes are needed in 
variables Fire (T) and Tampering (T) to allow the probability of Alarm to remain below or above a 
certain percentage. Like MPE and MAP, sensitivity analysis can be utilised to analyse the impact of 
variables on their related network variables. A number of sensitivity analysis experiments were 
conducted in this research study to answer and understand the impact of particular variables on other 
related network variables. 
3.5.3.8 Application of Bayesian networks within the tourism domain 
Bayesian network models can be tailored to suit different types of problems. They have been used for 
various purposes within the tourism domain.  
The advantages of the Bayesian network algorithm are its ability to effectively handle incomplete data, 
as well as to accurately model small and large data. Moreover, Bayesian networks are flexible 
compared to traditional linear methods, and have a strong ability to examine and model complex 
problems. The study conducted by Assaf, Li, Song and Tsionas (2018) found that the Bayesian network 
model outperformed other linear models in terms of accurately predicting tourist loyalty. The 
disadvantages of Bayesian networks are slower processing speed compared to linear methods and the 
F: Fire  T: Tampering  





quality of the results depends on the quality of the model, meaning that if the model is not well 
constructed, its results will be prone to inaccuracies. 
Table 3.7 is a detailed list of the focus areas for which Bayesian network models have been applied 
within the tourism domain. 
Table 3.7: List of areas where Bayesian networks have been applied in tourism domain  
FOCUS AREA REFERENCE 
Forecasting of tourism demand Assaf et al. (2018) 
Predicting tourists’ loyalty Hsu, Shih, Huang and Lin (2009) 
Visual tourism recommender 
systems 
Preece (2000) 
3.5.4 ADVANTAGES AND DISADVANTAGES OF NAÏVE BAYES, ANN AND BAYESIAN NETWORKS 
There are advantages and disadvantages associated with using naïve Bayes, ANN and Bayesian 
networks for understanding data patterns, as highlighted in Table 3.8.   
Table 3.8: Advantages and disadvantages of naïve Bayes, ANN and Bayesian networks 
AI METHOD ADVANTAGES DISADVANTAGES 
 
          
 
      Naïve Bayes 
Requires small training data to 
estimate the test data, 
resulting in shorter data period 
Assumes independence among 
variables 
Easy to implement 
Prone to inaccurate calculations and 
inaccuracy between any two binary 
predictors 
Scalable Data scarcity 







Ability to store data on the 
entire data network 
Hardware dependent 
Ability to process  incomplete 
knowledge  
No formal modelling process for 
determining the ANN structure 
Has high fault tolerance 





Has parallel processing 
capability 
Its unpredictable behaviour reduces 






Effectively handles incomplete 
data 
Sometimes slower than traditional 
linear methods 
Flexible compared to 
traditional linear methods 
Quality of results depends on quality of 
model 
Accurately models small and 
large data 
Requires many numerical parameters 
Has ability to examine and 
model complex problems 
Missing or incomplete data may result 
in problems regarding model 
parameterisation 
3.5.5 JUSTIFICATION FOR SELECTING BAYESIAN MODEL FOR THIS STUDY  
Bayesian networks are more flexible compared to traditional linear methods. They are ideal methods 
for classification, due to their ability to examine and model complex problems. These networks also 
enable effective representation of uncertainty and provide numerous mechanisms for dealing with 
uncertainty (Marcot, Pourret & Naim, 2008).    
In addition, Bayesian networks enable effective handling of incomplete data sets, as well effective 
mechanisms for avoiding over-fitting of data (Heckerman, 2006).  They provide a mechanism for linking 
the use of data, statistical analysis results, replication output, expert opinion and analytical equations 
using one summary model (Marcot et al., 2008). Bayesian network methods can also be transformed 
to a set of rules which can easily be understood by humans. Furthermore, they allow for effective 
learning of casual relationships as well as for accurate inferencing. It was for these reasons that 
Bayesian networks were preferred for this research study.   
3.6   CHAPTER SUMMARY  
This chapter provides a detailed discussion of the research design utilised, the research methodology, 
data collection tools, sampling techniques, research populations as well as the research setting.  A 
quantitative methodological approach was used for this research study. A self-administered online 
survey was used to collect data from the research participants. The survey was developed using Survey 
Monkey. The primary objective of the online questionnaire was to identify the variables that influence 
the grading of tourism establishments. The research participants were from the Free State in South 
Africa. The province was ideal for this research study, as it has different types of tourism 





metropolitan city regions. Convenience sampling was used and the research population consisted of 
592 non-graded and 145 graded establishments.  
Various AI algorithms, as well as their advantages and disadvantages were also discussed. Three 
competing AI methods relevant to this research study were investigated and considered, namely 
Bayesian networks, artificial neural network and naïve Bayes. Bayesian networks were best suited for 
this research study because they are more flexible than traditional linear methods, they are able to 
examine and model complex problems, enable effective representation of uncertainty and provide 






CHAPTER 4: DATA COLLECTION RESULTS 
 
4.1 INTRODUCTION  
In this chapter the data collection results for this research study are presented. An online survey 
questionnaire was administered to a total of 737 graded and non-graded tourism accommodation 
establishments located in the Free State. A total of 87 responses were received, consisting of 27 graded 
and 60 non-graded tourism establishments. The data pre-processing exercise implemented is outlined, 
including the conversion and coding of the collected data. In addition, the variables derived from the 
collected data are presented, namely Trained (T), Computer Literate (CL), Grading Complexity (G), 
Government Funding (GF), Benefits (B), Grading Cost (GC) and Increased Grading (IC).  
In this research study, the data obtained from tourism establishments and grading experts was used 
to construct a computational intelligence framework for increasing the number of graded tourism 
establishments. 
4.2 PRE-PROCESSING OF RESEARCH DATA  
The primary research data collected using an online questionnaire and telephone interviews was pre-
processed using a Microsoft Excel spreadsheet. The export function on Survey Monkey was used to 
retrieve responses from the online questionnaire. The data was received on a Microsoft Excel 
spreadsheet in text format as depicted in Annexure B.  This data, as well as the data collected through 
telephone interviews, were coded and assigned a number to aid their capturing.  
4.3 CONVERSION OR CODING OF RESEARCH DATA  
The variables used for constructing the Bayesian model are Trained (T), Computer Literate (CL), 
Grading Complexity (G), Government Funding (GF), Benefits (B), Grading Cost (GC) and Increased 
Grading (IG).   These variables underwent the coding processes, which entailed the conversion of their 
data types by assigning certain values to aid their capture. The conversion process for network 
variables is indicated in Table 4.1. A grading applicant in the table below refers to a tourism 
establishment owner or manager.  
Table 4.1: Conversion process for network variables 
VARIABLE DESCRIPTION CONVERSION REFERENCE 
 
Trained (T) 
Trained (T) refers to whether a 
grading applicant received 
training on the grading 
application process.   
The values for this variable were 
received in string data type format, 
as either Trained or Not trained 
and were   converted to numeric 
data format as follows: 1 = Trained 
and 2 = Not trained.  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 









Computer Literate (CL) refers to 
whether a grading applicant was 
computer literate or not. 
The values for this variable were 
received in string data type format, 
as either Computer literate or Not 
computer literate and were 
converted to numeric data format 
as follows: 1 = Computer literate 
and 2 = Not computer literate.   
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 





Grading Complexity (G) refers to 
the degree to which a grading 
applicant found the grading 
application process easy or 
difficult.  
The values for this variable were 
received in string data type format, 
as either Easy or Difficult and were 
converted to numeric data format 
as follows: 1 = Easy and 2 = 
Difficult.   
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 




Government Funding (GF) refers 
to the extent to which financial 
support from government to the 
TGCSA is deemed adequate or 
not.   
The values for this variable were 
received in string data type format, 
as either Adequate or Not 
adequate and were converted to 
numeric data format as follows, 1 = 
Adequate and 2 = Not adequate.  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 





Benefits (B) refers to the extent to 
which benefits of grading were 
considered satisfactory or not.   
 
The values for this variable were 
received in string data type format, 
as either Satisfactory or Not 
satisfactory and were converted to 
numeric data format as follows, 1 = 
Satisfactory, 2 = Not satisfactory.  
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 




Grading Cost (GC) refers to the 
degree to which the cost of being 
graded was considered 
affordable or expensive.   
 
The values for this variable were 
received in string data type format, 
as either Expensive or Affordable 
and were converted to numeric 
data format as follows, 1 = 
Affordable and 2 = Expensive.   
Tourism Grading Council of 
South Africa (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 






4.4 NON-GRADED TOURISM ACCOMMODATION ESTABLISHMENTS 
The online questionnaire was sent to a total of 737 tourism establishments, 592 of which were non-
graded and 145 were graded. A total of 87 establishments responded, which is a response rate of 
14.7%.  Of the 87 tourism establishments that responded, a total of 60 were non-graded and 27 were 
graded.  According to Babbie (1990) a good response rate is 60% and beyond.  Therefore, we 
acknowledge that the 14.7 % response rate achieved in this study is not good.  This is also because a 
low response rate may lead to inaccurate results and sample bias (Sivo, Saunders, Chang & Jiang, 2006). 
However, although the response rate in this study was not good, the responses received were 
satisfactory as they were representative of all tourism business types and sizes. 
The results indicate the profile of non-graded tourism establishments that participated in this research 
study. The profile is in terms of the type of tourism establishment, designation of respondents, size of 
establishment, years of operation, knowledge of the TGCSA and whether the owner/manager had ever 
been trained on the TGCSA grading application process. In addition, the results indicate the perception 
of the tourism establishment owner/manager regarding grading benefits and cost, government 
subsidy, as well as difficulty of the grading application process.  
4.4.1 TYPES OF ACCOMMODATION ESTABLISHMENTS 
The majority of the non-graded tourism accommodation establishments that participated in this 
research study were guesthouses, followed by B&Bs and then hotels. It is imperative for guesthouses 
and B&Bs to be graded due to the vast number of these establishments. Generally, B&Bs and 
guesthouses are small businesses and are regarded mainly as informal. This is because of the low entry 
barrier when starting these types of businesses and in most cases, an owner turns his or her home into 
an accommodation establishment, using his or her savings. These types of establishments are more 
prevalent in rural areas, small towns and townships than hotels, and contribute positively to the 
economy and employment within these areas. Due to their small size, limited capital and informal 
nature, grading of these establishments is key to ensuring provision of quality services and facilities, 
as well as for critical marketing. This will contribute positively to the survival of this business. Hotels, 
on the other hand, are large establishments, with formal processes and better capitalisation. According 
to PricewaterhouseCoopers (2014), hotels contributed R18.9 billion to the South African economy in 
2014. In addition, hotels employ a vast number of people. Table 4.2 specifies the frequencies of the 

















4.4.2 DESIGNATION OF RESPONDENTS 
The majority of the people from non-graded tourism accommodation establishments who participated 
in this research study were owners (45), followed by managers (34). This means the information 
collected provides credible insight into perceptions of grading, as managers and owners are mainly the 
ones who make decisions on whether to grade their respective tourism establishments.  Table 4.3 
specifies the frequencies of the designation of the person who completed the questionnaire.   





4.4.3 SIZE OF ESTABLISHMENT 
The majority of the non-graded tourism accommodation establishments that participated in this 
research study were small with 1-10 rooms.  Many tourism establishments of this size are normally 
TYPE OF ACCOMMODATION ESTABLISHMENT FREQUENCY PER CENT (%) 
Valid         Hotel 8 13.3  
                  Country house 4 6.6 
                  Guesthouse 19 31.6    
                  B&B 14 23.3   
                  Backpacker and hostel 2 3.3   
                  Caravan and camping 1 1.6   
                  Lodge 7 11.6     
                  Self-catering 3 5   
                  Game lodge 2 3.3    
      Not accommodation establishment 0 0     
TOTAL 60 100% 
DESIGNATION OF RESPONDENT FREQUENCY PER CENT (%) 
Valid         Owner 35 58.3 
                  Manager 20 33.3 
                   Other 5 8.3 





started by a house owner turning their house into a business. These are normally owner managed. It 
is imperative for these tourism establishments to be graded in order to provide quality services and 
facilities, which ultimately ensures high occupancy rates and business survival. Table 4.4 specifies the 
frequencies of the size of non-graded tourism accommodation establishments that participated in this 
research study. 


















4.4.4 YEARS OF OPERATION 
The majority of the non-graded tourism accommodation establishments that participated in this 
research study had been in operation for 5 years or less.  Over 41 of the 60 tourism establishments 
had been operational for more than 5 years. These may include establishments that had previously 
been graded and managed to create a client base through quality services and facilities. In the study 
conducted by the TGCSA (2017), one reason given by tourism establishment owners and managers for 
not grading was that they already had a good client base. This refers mainly to tourism establishments 
which have used grading to implement solid quality processes, but no longer find grading beneficial. 
SIZE OF ESTABLISHMENT FREQUENCY PER CENT (%) 
Valid                             1-10 21 35 
             11-20 15 25 
             21-30 11 18.3 
            31-40 5 8.3 
            41-50 3 5 
            51-60 5 8.3 
            61-70 0 0  
                                    71-80 0 0    
                                    81-90 0 0    
                                   91-100 0 0     





However, these establishments may serve a clientele who are not conscious of grading and who are 
normally prepared to pay about R350 - R450 per night. These establishments would rather not grade 
than grade at 1- or 2-star level.  Generally, these are establishments which cater for tourists travelling 
for work, funerals and weddings, and not necessarily leisure travel.    
Table 4.5 specifies the frequencies of the operating years of non-graded tourism accommodation 
establishments that participated in this research study. 











4.4.5 KNOWLEDGE OF TGCSA 
The majority of the owners/managers of the non-graded tourism accommodation establishments that 
participated in this research study knew about the TGCSA.  This indicates that many tourism 
establishments remain non-graded despite their knowledge of the TGCSA.  The reason could be that 
many of these owners/managers do not understand the strategic benefits of grading in terms of service 
quality and marketing. It could also mean that many of them do not regard grading as important or 
beneficial to their business. This is in line with the research study conducted by Henama (2013), who 
found that the majority of tourism accommodation establishments in Mangaung Metropolitan 
Municipality did not hold grading in high esteem. 
 Table 4.6 specifies the frequencies for knowledge of the TGCSA by owners/managers who participated 
in this research study. 
 
 
YEARS OF OPERATION FREQUENCY PER CENT (%) 
Valid                5 years or less 19 31.7 
           6-10 years 14 23.3 
            11-15 years 7 11.7 
            16-20 years 12 20 
                       More than 20 years 8 13.3 











4.4.6 BENEFITS PROVIDED BY TGCSA 
The majority of the owners/managers of non-graded tourism accommodation establishments that 
participated in this research study indicated that the benefits provided by the TGCSA were not 
satisfactory.  The reason for this may be that many of them have not experienced the envisioned 
benefits of grading and may have decided to terminate their grading membership. It could also be that 
the views of these owners/managers on the benefits of grading are linked to its pricing, and they may 
feel that the cost vs the benefit of grading is not justifiable. The cost of grading does not only include 
membership fees, but also the cost of refurbishing the tourism establishments to the standard of the 
desired star grading level. This unaffordability generally results in the perception that the benefits of 
grading are unsatisfactory. In fact, the study conducted by the TGCSA (2017) indicated that 35% of 
non-graded tourism establishments cited lack of benefits as the main reason for not grading. Table 4.7 
specifies the frequencies of the respondents’ opinions on benefits provided by the TGCSA.  








4.4.7 COST OF GRADING 
The majority of the owners/managers of non-graded tourism accommodation establishments that 
participated in this research study indicated that grading by the TGCSA was expensive.  This is line with 
the study conducted the TGCSA (2017), which found that cost of grading was the main reason for non-
grading. Similarly, Narangajavana and Hu (2017) identified grading cost as a hindrance to the grading 
KNOWLEDGE OF TGCSA FREQUENCY PER CENT (%) 
Valid                 Knowledge of TGCSA 51 93 
           No knowledge of TGCSA 9 7 
TOTAL  60 100% 
TGCSA GRADING BENEFITS FREQUENCY PER CENT (%) 
Valid                 Satisfactory 20 34 
           Not satisfactory 40 66 





of tourism establishments, particularly for small and medium enterprises. Table 4.8 specifies the 
frequencies of the respondents’ opinions on the cost of being graded by the TGCSA. 









4.4.8 TRAINING ON GRADING PROCESS 
The majority of the managers/owners of non-graded tourism accommodation establishments that 
participated in this research study indicated that they had never undergone training on the grading 
process. The reason for this may be that they did not find grading valuable and therefore did not see 
a need to attend any TGCSA workshops and roadshows.  There are no formal training programmes 
provided by the TGCSA to tourism establishment owners and managers, but it has regularly conducted 
workshops for tourism establishment owners and managers on the grading process (TGCSA, 2017). 
The latest roadshow which the TGCSA embarked on was in March 2019. The primary purpose of the 
roadshow was to outline the new grading criteria to all tourism establishment managers and owners. 
These workshops are critical for these owners and managers to understand the grading application 
process, as well as the minimum criteria. A tourism establishment owner or manager who has 
undergone training through these workshops is more likely to understand and find the grading 
application process easy. Table 4.9 specifies the frequencies of training on the TGCSA grading process. 







COST OF GRADING FREQUENCY PER CENT (%) 
Valid                 Affordable 17 28.3 
Neither expensive nor affordable 8 13.3 
Expensive 35 58.4 
TOTAL  60 100% 
TRAINING ON GRADING PROCESS FREQUENCY PER CENT (%) 
Valid                 Trained 14 23.3 
Not trained 46 76.7 





4.4.9 COMPUTER LITERACY 
The majority of the owners/managers from non-graded tourism establishments that participated in 
this research study indicated that they were comfortable with working with a computer.  The ability of 
tourism accommodation owners and managers to work on a computer is critical as the grading 
application process for the TGCSA is conducted online. Therefore, a tourism establishment owner or 
manager who is computer literate is more likely to correctly complete the online grading application 
form than one who is not. The respondents who were not computer literate could include elderly 
citizens or those from disadvantaged backgrounds.  Table 4.10 specifies the frequencies of the 
respondents’ computer literacy.  
Table 4.10: Computer literacy of respondents from non-graded tourism establishments 
 
4.4.10 GOVERNMENT FUNDING 
The majority of the owners/managers from non-graded tourism establishments that participated in 
this research study indicated that government funding was not adequate. This perception may be 
linked to their sentiments that grading benefits are unsatisfactory and that the price of grading is high.  
Government funding is linked to both price and benefits of grading. This is evident in that, in 2019, a 
total of 1 955 tourism establishments were subsidised under the TGSP, which is 39% of the total graded 
tourism establishments in South Africa (Department of Tourism, 2019). The subsidy provides tourism 
establishments with up to 90% discounts on total grading costs. This indicates the significant impact 
that government funding has on the number of graded tourism establishments. However, the TGSP 
only benefits small, medium and micro enterprises that are broad-based black economic 
empowerment (BBBEE) compliant. Therefore, the majority of establishments that have benefited 
through this programme may regard government funding to be adequate. Table 4.11 specifies the 





COMPUTER LITERACY FREQUENCY PER CENT (%) 
Valid                 Comfortable/computer literate 35 58.3 
Not comfortable/not computer literate 25 41.3 






Table 4.11: Non-graded establishment respondents’ perception of government funding 
 
4.4.11 DIFFICULTY LEVEL OF GRADING PROCESS 
The majority of the owners/managers from non-graded tourism accommodation establishments that 
participated in this research study indicated that the grading process was difficult. This is in line with 
the study conducted by Narangajavana and Hu (2017), who found that the majority of tourism 
establishment owners surveyed perceived the grading application process to be difficult. Likewise, the 
TGCSA (2017) found that 25% of tourism establishment owners indicated that there should be fewer 
requirements for grading. The grading process does not only include the application process; it also 
extends to the tourism establishment preparation in revamping its offerings to the grading level. If 
grading status is not awarded, it normally leads to tourism establishment owners feeling that the 
process is subjective. The reason for this may be that owners/managers do not understand the grading 
application process. Table 4.12 indicates the frequencies of the respondents’ opinions on the difficulty 
level of the TGCSA grading application process. 













4.4.12 PREVIOUSLY GRADED BY TGCSA 
The majority of the non-graded tourism accommodation establishments in this research study had 
never been graded by the TGCSA before.  According to the TGCSA (2017), the main reasons for 
establishments not renewing their grading membership are unsatisfactory benefits, high grading cost 
GOVERNMENT FUNDING FREQUENCY PER CENT (%) 
Valid                         Adequate 25 41.7 
Not adequate 35 58.3 
TOTAL  60 100% 
DIFFICULTY LEVEL OF GRADING PROCESS FREQUENCY PER CENT (%) 
Valid                       Easy 18 30 
Difficult 42 70 





as well as perception of the grading process being subjective. The tourism establishment might no 
longer meet the minimum requirements for a particular grading level, and so the owner/manager may 
feel unfairly treated, leading to the belief that the grading is subjective. Moreover, tourism 
establishment owners/managers may feel that there are tourism establishments far inferior to theirs 
that have the same or a better star grading level. This grievance may lead to tourism establishments 
terminating their tourism membership.  
Some tourism establishments that have never been graded before might not regard the grading as 
important or beneficial for their businesses. This is in line with the research study conducted by 
Henama (2013), who found that the majority of tourism accommodation establishments in Mangaung 
Metropolitan Municipality did not hold grading in high esteem. Table 4.13 indicates that the 
frequencies for previous TGCSA grading of the non-graded tourism accommodation establishments 
surveyed.  








4.4.13 LOCATION OF TOURISM ESTABLISHMENT  
The majority of the non-graded tourism accommodation establishments that participated in this 
research were located in the city.  Grading is more relevant in urban areas as the majority of tourism 
establishments in these areas cater for a clientele that is grading conscious. Moreover, in urban areas, 
there are likely to be a number of competing tourism establishments close to each other. Therefore, 
grading is appreciated as a strategic tool for positioning and competitive advantage. Table 4.14 
indicates the frequencies of location of the non-graded tourism accommodation establishments that 
participated in this research study.  
Table 4.14: Location of non-graded tourism accommodation establishments 
PREVIOUSLY GRADED BY TGCSA FREQUENCY PER CENT (%) 
Valid                 Yes 21 35 
                          No 39 65 
TOTAL  60 100% 
LOCATION OF TOURISM ESTABLISHMENT FREQUENCY PER CENT (%) 













4.5 GRADED TOURISM ACCOMMODATION ESTABLISHMENTS 
The online questionnaire was sent to a total of 145 graded establishments.  A total of 27 responses 
were received, which is a response rate of 18%.   
The results indicate the profile of graded tourism establishments that participated in this research 
study. The profile is in terms of the type of tourism establishment, designation of respondents, size of 
establishment, years of operation, knowledge of the TGCSA and whether the owner/manager had ever 
been trained on the TGCSA grading application process. In addition, the results indicate the perception 
of the tourism establishment owner/manager regarding grading benefits and cost, government 
subsidy, as well as difficulty of the grading application process.  
4.5.1 TYPES OF ACCOMMODATION ESTABLISHMENTS 
The majority of the graded tourism accommodation establishments that participated in this research 
study were guesthouses, followed by B&Bs and then hotels. It is imperative for guesthouses and B&Bs 
to be graded due to the vast number of these establishments. Generally, B&Bs and guesthouses are 
small businesses and are regarded mainly as informal. This is because of the low entry barrier when 
starting these types of businesses and in most cases, an owner turns his or her home into an 
accommodation establishment, using his or her savings. These types of establishments are more 
prevalent in rural areas, small towns and townships than hotels, and contribute positively to the 
economy and employment within these areas. Due to their small size, limited capital and informal 
nature, grading of these establishments is key to ensuring provision of quality services and facilities, 
as well as for critical marketing. This will contribute positively to the survival of this business. Hotels, 
on the other hand, are large establishments, with formal processes and better capitalisation. Table 
4.15 specifies the frequencies of the types of graded tourism accommodation establishments that 
participated in this research. 
  
            Urban area (small town) 16 26.7 
            Rural area 8 13.3 
            Township 13 21.7 
            Other 2 3.3 




















 4.5.2 DESIGNATION OF RESPONDENTS 
The majority of the people from graded tourism accommodation establishments who participated in 
this research study were owners (16), followed by managers (6). This means the information collected 
provides credible insight into perception of grading, as managers and owners are mainly the ones who 
make decisions on whether to grade their tourism establishments.   





TYPE OF ACCOMMODATION FREQUENCY PER CENT (%) 
Valid         Hotel 3 11.1 
                  Country house 2 7.4 
                  Guesthouse 11 40.7 
                  B&B 5 18.5 
                  Backpacker and hostel 1 3.7 
                  Caravan and camping 1 3.7 
                  Lodge 2 7.4 
                  Self-catering 1 3.7 
                  Game lodge 1 3.7 
      Not accommodation establishment 0 0 












4.5.3 SIZE OF ESTABLISHMENT 
The majority of the graded tourism accommodation establishments that participated in this research 
study had 1-10 rooms. Many tourism establishments of this size are normally started by a house owner 
turning their house into a business. This indicates that the managers and owners of these tourism 
establishments regarded grading as important for their tourism establishments.  A study conducted by 
Du Plessis and Saayman (2010) found that tourism establishments in the Free State use grading to 
ensure provision of quality customer services and value for money, as well as to obtain a competitive 
advantage. Furthermore, the study found a significant link between grading and price in the Free State. 
Therefore, unlike the non-graded small tourism establishments which generally have a clientele who 
are not grading conscious and who are looking for economical services, the target market for these 
graded small businesses may be tourists who are grading conscious and are willing to pay extra for 
excellent quality services and facilities.  Table 4.17 specifies the frequencies of the size of graded 
tourism accommodation establishments that participated in this research study. 
 
Table 4.17: Size of graded tourism accommodation establishments 
DESIGNATION OF RESPONDENTS FREQUENCY PER CENT (%) 
Valid          Owner 16 59.3 
                   Manager 6 22.2 
                   Other 5 18.5 
TOTAL  27 100% 
 SIZE OF ESTABLISHMENT FREQUENCY PER CENT (%) 
Valid                             1-10 11 40.7 
           11-20 5 18.5 
            21-30 4 14.8 
            31-40 3 11.1 














4.5.4 YEARS OF OPERATION 
The majority of the graded tourism accommodation establishments that participated in this research 
study had been in operation for 5 years or less.  These may be tourism establishments that perceived 
grading to be beneficial and made it an integral part of their business. They may also be tourism 
establishments that catered for a clientele that was grading conscious and willing to pay extra for 
excellent service and facilities.   
Over 18 of the 27 tourism establishments had been in operation for more than 5 years. These may 
include tourism establishments that were previously not graded, but had become to understand the 
benefits of grading. In addition, these may be tourism establishments that started making enough 
profit to afford grading. These may also include tourism establishments that had always been graded, 
and had over the years found grading to be beneficial to their establishments.  Table 4.18 specifies the 
frequencies of the operating years of graded tourism accommodation establishments that participated 
in this research study. 








             51-60 0 0 
             61-70 0 0  
                                     71-80 0 0    
                                     81-90 0 0    
                                    91-100 0 0     
TOTAL  
27   100% 
YEARS OF OPERATION FREQUENCY PER CENT (%) 
Valid                     5 years or less 9 30 
      6-10 years 7 26 
       11-15 years 4 21   
      16-20 years 6 16 
                 More than 20 yeas 1 7 





4.5.5 BENEFITS PROVIDED BY TGCSA 
The majority of the owners/managers of graded tourism accommodation establishments that 
participated in this research study indicated that the benefits provided by the TGCSA were satisfactory.  
This is consistent with the study conducted by the TGCSA (2017), which found that grading benefits 
were one of the main reasons for tourism establishment owners/managers to grade their 
establishments. This is in contrast to the non-graded tourism establishments surveyed. The reason for 
this may be that these tourism establishments have experienced benefits. Moreover, they may have 
also adapted to the price of grading and may also perceive the benefits of grading to outweigh the 
cost.   
Some 29% of the graded tourism establishments indicated that grading benefits were unsatisfactory. 
The reason for this may be that these tourism establishments had not yet experienced the envisioned 
grading benefits. This feeling may be exacerbated by tourism establishments not being profitable and 
not gaining new clientele despite being graded. Table 4.19 specifies the frequencies of the 
respondents’ opinions on benefits provided by the TGCSA. 









4.5.6 COST OF GRADING 
Just as for non-graded establishments, the majority of the owners/managers of graded tourism 
accommodation establishments that participated in this research study indicated that grading by the 
TGCSA was expensive.  This is in line with the study conducted by Narangajavana and Hu (2017), who 
identified grading cost as a hindrance to the grading of tourism establishments, particularly for small 
and medium enterprises. The reason these establishments are still graded despite perceiving the cost 
to be high may be the benefits they experienced from being graded. These benefits may range from 
marketing received from the TGCSA and better clientele which comes with being graded. Table 4.20 
specifies the frequencies of the respondents’ opinions on the cost of being graded by the TGCSA. 
  
BENEFITS GRADED BY TGCSA FREQUENCY PER CENT (%) 
Valid                  Satisfactory 19 70.4 
           Not satisfactory 8 29.6 













4.5.7 TRAINING ON GRADING PROCESS 
The majority of the owners/managers of graded tourism accommodation establishments that 
participated in this research study indicated that they had never undergone training on the grading 
process. The reason for this may be that there are no formal training programmes provided by the 
TGCSA to tourism establishment owners and managers, but it has regularly conducted workshops for 
tourism establishment owners and managers on the grading process (TGCSA, 2019). These workshops 
are critical for tourism establishment owners and managers to understand the grading application 
process, as well as the minimum criteria. A tourism establishment owner or manager who has 
undergone training through these workshops is more likely to understand and find the grading 
application process easy. Table 4.21 specifies the frequencies of training on the TGCSA grading process. 







4.5.8 COMPUTER LITERACY 
The majority of the owners/managers from graded tourism establishments that participated in this 
research study indicated that they were comfortable with working with a computer.  The ability of 
tourism accommodation owners and managers to work on a computer is critical as the grading 
application process for the TGCSA is conducted online. Therefore, a tourism establishment owner or 
manager who is computer literate is more likely to correctly complete the online grading application 
COST OF GRADING FREQUENCY PER CENT (%) 
Valid                 Affordable 11 40.7 
Neither expensive nor affordable 4 14.8 
Expensive 13 48.2 
TOTAL  27 100% 
TRAINING ON GRADING PROCESS FREQUENCY PER CENT (%) 
Valid                 Trained 8 29.6 
Not trained 19 70.34 





form than one who is not. The respondents who were not computer literate could include elderly 
citizens or those from disadvantaged backgrounds. Table 4.22 specifies the frequencies of the 
respondents’ computer literacy.  
Table 4.22: Computer literacy of respondents from graded tourism establishments 
 
4.5.9 GOVERNMENT FUNDING 
The majority of the owners/managers from graded tourism establishments that participated in this 
research study indicated that government funding was adequate. This may indicate that graded 
tourism establishments consider grading as beneficial to their businesses. This may also indicate that 
these establishments may consider the benefits of grading to outweigh the grading price.  As indicated 
in the discussion under the same element for non-graded tourism establishments, government funding 
is linked to both price and benefits of grading. Table 4.23 specifies the frequencies of the respondents’ 
perception of government funding. 
Table 4.23: Graded establishment respondents’ perception of government funding  
 
4.5.10 DIFFICULTY LEVEL OF GRADING PROCESS  
The majority of the owners/managers from graded tourism accommodation establishments that 
participated in this research study indicated that the grading process was easy. This contradicts the 
findings of the study conducted by Narangajavana and Hu (2017), which were that the majority of 
tourism establishment owners surveyed perceived the grading application process to be difficult. 
COMPUTER LITERACY FREQUENCY PER CENT (%) 
Valid                 Comfortable/computer literate 17 62.9 
Not comfortable/not computer literate 10 37.1 
TOTAL  60 100% 
GOVERNMENT FUNDING FREQUENCY PER CENT (%) 
Valid                         Adequate 23 85 
Not adequate 4 15 





Likewise, the TGCSA (2017) found that 25% of tourism establishment owners indicated that there 
should be fewer requirements for grading. Training and computer literacy are critical for the degree to 
which the grading application process is found to be difficult or easy. Table 4.24 specifies the 
frequencies of the respondents’ perceptions of the complexity level of the TGCSA grading application 
process.  
Table 4.24: Graded establishment respondents’ perception of complexity level of grading process 
4.5.11 LOCATION OF TOURISM ESTABLISHMENT  
The majority of the graded tourism accommodation establishments that participated in this research 
were located in the city.  Grading is more relevant in urban areas as the majority of tourism 
establishments in these areas cater for a clientele that is grading conscious. Moreover, in urban areas, 
there are likely to be a number of competing tourism establishments close to each other. Therefore, 
grading is appreciated as a strategic tool for positioning and competitive advantage. Table 4.25 
indicates the frequencies of the location of the graded tourism accommodation establishments that 
participated in this research study.  












DIFFICULTY LEVEL OF GRADING PROCESS FREQUENCY PER CENT (%) 
Valid                  Easy 20 74.1 
                           Difficult 7 25.9 
TOTAL  27 100% 
LOCATION OF ESTABLISHMENT FREQUENCY PER CENT (%) 
Valid        Urban area (city) 12 44.4 
                 Urban area (small town) 8 29.6 
                 Rural area 3 11.1 
                 Township 4 14.9 
                 Other 0 0 





4.5.12 STAR GRADING LEVEL 
The majority of the graded tourism accommodation establishments that participated in this research 
were 3-star establishments. This is consistent with grading statistics from the TGCSA (2017) indicating 
that tourism establishments in the Free State prefer to be graded either 4 or 3 star. There does not 
seem to be much appetite for 1-star and 2-star grading categories, despite these two categories being 
the least stringent in terms of minimum requirements and being more affordable.  This may be an 
indication of the perception of tourism grading on the value provided by each grading category. The 
majority of tourism establishments are unable to comply with the stringent process for 5-star grading. 
This is due to the extensive funds which tourism establishments need to improve their service offerings 
and infrastructure in order to comply with the 5-star grading requirements.  
Table 4.26 indicates the frequencies of the star grading level of graded tourism accommodation 
establishments that participated in this research study.  
 













4.6   CHAPTER SUMMARY  
This chapter dealt with the pre-processing and conversion of the primary research data collected using 
an online questionnaire. Six variables were derived from the collected data, namely Trained (T), 
Computer Literate (CL), Grading Complexity (G), Government Funding (GF), Benefits (B) and Grading 
Cost (GC). The variables were used to construct a computational intelligence framework for increasing 
the number of graded accommodation establishments. The online questionnaire was sent to a total of 
737 tourism establishments, 592 of which were non-graded and 145 were graded. A total of 87 
establishments responded to the questionnaire. The results indicate that most responses were from 
STAR GRADING LEVEL FREQUENCY PER CENT (%) 
Valid        1 star 1 3.7 
                 2 star 2 7.4 
                 3 star 15 55.5 
                 4 star 9 33.4 
                 5 star 0 0 





guesthouses, with 1-10 rooms, which had been operating for 5 years or less. The results further 
indicate that grading cost was regarded to be high and benefits satisfactory. The finding on cost and 
benefits is consisted with the findings of the study conducted by the TGCSA on the perception of 
grading in South Africa. In addition, most respondents indicated that the grading process was difficult, 
which is also in line with the findings of the TGCSA study. The results of the data collection assisted in 
identifying the relevant variables for constructing a computational intelligence framework for 
increasing the number of graded accommodation establishments.   







CHAPTER 5: COMPUTATIONAL INTELLIGENCE FRAMEWORK FOR 
INCREASING THE NUMBER OF GRADED TOURISM ESTABLISHMENTS  
 
5.1 INTRODUCTION 
This chapter presents the construction of the Bayesian model for increasing the number of graded 
tourism establishments using the research data obtained from tourism establishments. Experiments 
which were conducted as part of this research study are discussed.  Bayesian networks were selected 
as an ideal AI method for this research study. Therefore, as part of the research experiments, five 
Bayesian method techniques were used to answer the research questions. The five techniques used 
are posterior marginal, prior marginal, sensitivity analysis, maximum a posterior hypothesis (MAP) and 
most probable explanation (MPE). The experiments were conducted using the Sensitivity Analysis, 
Modelling, Inference and More (SAMIAM) tool. SAMIAM is an open source software tool which allows 
researchers and professionals to develop Bayesian network models (Automated Reasoning Group, 
2010).  Data was pre-processed using a Microsoft Excel spreadsheet.  
5.2 FINDINGS FROM LITERATURE REVIEW   
A literature review exercise was conducted on past relevant research papers as well as various strategic 
tourism-related documents. The primary purpose of the literature review was to identify factors that 
influence the grading of tourism establishments.   
The identified variables were utilised in the development of the questionnaire which was administered 
to tourism accommodation establishment owners and managers as part of primary data collection. 
Furthermore, these identified variables were also used during the research validation process with 
TGCSA’s grading experts. Finally, the identified variables were considered in the construction of a 
computational intelligence framework for increasing the number of graded accommodation 
establishments. Table 5.1 indicates variables identified through the literature review as having an 






Table 5.1:  Variables identified through literature review  
VARIABLE DESCRIPTION REFERENCE 
Cost of grading The monetary value which tourism establishment 
owners have to pay for grading their establishment 
influences whether their establishments will be 
graded or not.  
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Grading benefits 
 
The grading benefits which tourism establishments 
receive influence whether their establishments will 
be graded or not. 
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 






The complexity level of the grading application 
process influences whether tourism establishment 




Narangajavana and Hu (2017) 




applicants on the 
grading process  
Training of prospective grading applicants will 
influence the perceived complexity level of the 
grading application process, thereby influencing 
whether tourism establishment owners will have 
their establishments graded or not. 
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Stringent grading 
process 
The stringency level of the grading application 
process influences whether tourism establishment 




Narangajavana and Hu (2017) 
Du Plessis and Saayman (2010) 
Subjective 
grading process 
The subjective nature of the grading application 
process as perceived by tourism establishment 
owners influences whether their establishments 
will be graded or not.   
TGCSA (2017) 
Tanner (2003) 
Narangajavana and Hu (2017) 







5.3 OPERATIONALISING THE VARIABLES   
The primary research data was collected using an online questionnaire as well as telephone interviews 
with experts from the TGCSA. The main purpose of the primary data collection was to identify 
additional factors that influence the grading of tourism establishments. In addition, the data was 
collected to verify and validate factors which had been identified during the literature review as having 
an influence on the grading of tourism establishments. The primary data collection results indicate a 
total of seven factors as having an influence on the grading of tourism establishments. One variable 
emerged which was not identified during the literature review, namely computer literacy of the 
grading applicant. Table 5.2 indicates variables identified through the primary data collection as having 
an influence on the grading of tourism establishments. 







RELATION TO LITERATURE 
STUDY RESULTS 
Cost of grading The monetary value which tourism 
establishment owners have to pay for grading 
their establishment influences whether their 
establishments will be graded or not.  
TGCSA grading experts 
Tourism establishment 
owners and managers 
Consistent with studies 
conducted by the TGCSA 




The grading benefits which tourism 
establishments receive influence whether 
their establishments will be graded or not. 
TGCSA grading experts 
Tourism establishment 
owners and managers 
Consistent with studies 
conducted by the TGCSA 
(2017) and Narangajavana 





The complexity level of the grading application 
process influences whether tourism 
establishment owners will have their 
establishments graded or not. 
TGCSA grading experts 
Tourism establishment 
owners and managers 
Consistent with studies 
conducted by the TGCSA 
(2017) and Narangajavana 
and Hu (2017) 
 
Training of prospective 
grading applicants on 
the grading process  
Training of prospective grading applicants 
influences the complexity level of the grading 
application process, thereby influencing 
whether tourism establishment owners will 
have their establishments graded or not. 
Tourism establishment 
owners and managers 
Consistent with studies 




The stringency level of the grading application 
process influences whether tourism 
establishment owners will have their 
establishments graded or not. 
Tourism establishment 
owners and managers 
Consistent with studies 






Government funding  Government funding influences the grading 
benefits and grading cost, thereby influencing 
whether tourism establishment owners will 
have their establishments graded or not.   
Tourism establishment 
owners and managers 
TGCSA grading experts 
 
Consistent with studies 
conducted by the TGCSA 
(2017) and Narangajavana 
and Hu (2017) 
 
Computer literacy of 
grading applicant 
The computer literacy level of grading 
applicants influences the perceived 
complexity level of the grading application 
process, thereby influencing whether tourism 
establishment owners will have their 
establishments graded or not. 
TGCSA grading experts 
 
Not consistent with the 
literature findings 
 
5.4 BAYESIAN NETWORK MODEL FOR INCREASING NUMBER OF GRADED TOURISM 
ESTABLISHMENTS 
The constructed Bayesian network model represents a computational intelligence framework for 
increasing the number of graded tourism establishments. SAMIAM was utilised to construct the model. 
The variables identified in the primary data results as well as the literature review, i.e. Trained (T), 
Computer Literate (CL), Government Funding (GF), Grading Complexity (G), Benefits (B) and Grading 
Cost (GC), were used to construct the model. 
Following discussion with TGCSA grading experts, the stringent grading process and subjective grading 
process variables were collapsed into one variable, namely grading complexity because the two 
variables relate to a grading application’s perception of the difficulty of being graded. Furthermore, 
numerous variables were renamed to conform to the naming convention of Bayesian network 
modelling. Table 5.3 indicates the variables used to construct the Bayesian network model. In the table 






Table 5.3: List of variables used to construct Bayesian model 
 
 
5.4.1 BAYESIAN MODEL AND RELATED CONDITIONAL PROBABILITY TABLES CONSTRUCTED USING 
MSWORD  
Figure 5.1 shows the constructed Bayesian model and its related conditional probability tables (CPTs). 
The data for populating the CPTs was obtained from the questionnaire results.  The procedure for 
modelling Bayesian networks is discussed in detail in section 3.5.3.2, and CPTs are discussed 
extensively in 3.5.3.4.  conditional probability distribution tables are equivalent to knowledge bases in 
  VARIABLE DESCRIPTION PREVIOUS NAME 
 
Trained (T) 
Whether a grading applicant has 
undergone training on the grading 
application process.   
Training of prospective grading 




Whether a grading applicant is computer 
literate or not. 




The degree to which a grading applicant 
finds the grading application process easy 
or difficult.  




The extent to which financial support 
from government to the TGCSA is 
deemed to be adequate or not.   
Government funding (GF) 
 
Benefits (B) 
The extent to which benefits of grading 





The degree to which the cost of being 
graded is considered to be affordable or 
expensive.   
Cost of grading 
Increased 
Grading (IG) 
The probability that the number of 
graded tourism establishments will 






expert systems (Darwiche, 2009). Therefore, they hold answers to all queries regarding a particular 























Figure 5.1: Bayesian network model constructed using MSWord  
5.4.2 COMPUTATIONAL BAYESIAN NETWORK MODEL CONSTRUCTED USING SAMIAM  
Figure 5.2 shows a computational Bayesian network model for increasing the number of graded 
tourism establishments constructed using SAMIAM. The model represents a constructed 
computational intelligence framework for increasing the number of graded tourism establishments, 
which was the primary objective of this research study. The data for populating the CPTs was obtained 
GF B P(B | GF) 
Adequate Satisfactory 0.7 
Not adequate Satisfactory 0.3 
CL P(CL) 
True 0.6 




T CL G P(G|T,CL) 
True True Easy 0.7 
True False Easy 0.6 
False True Easy 0.4 
False False Easy 0.3 
GF GC P(GC| GF) 




GC G B IG P(IG|GC,C, B) 
Expensive Difficult Satisfactory True 0.4 
Expensive Difficult Not satisfactory True 0.3 
Expensive Easy Satisfactory True 0.5 
Expensive Easy Not satisfactory True 0.4 
Affordable Difficult Satisfactory true 0.6 
Affordable Difficult Not satisfactory true 0.4 
Affordable Easy Satisfactory true 0.7 








GC C B IG P(IG|GC,C, 
B) 
true true true true 0.6 
true true false true 0.4 
true false true true 0.8 
True false false true 0.4 
false true true true 0.6 
false true false true 0.2 
false false true true 0.5 











from the questionnaire results. This computational model was used to conduct various experiments, 
which are discussed in section 5.5.  
 
Figure 5.2: Bayesian network model constructed using SAMIAM  
5.5 EXPERIMENTS 
Experiments were conducted using five Bayesian network query techniques, namely maximum a 
posterior hypothesis (MAP), most probable explanation (MPE), sensitivity analysis, prior marginal and 
posterior marginal.  The experiments were conducted using SAMIAM. Primary data (Annexure B) 
collected from both graded and non-graded tourism establishments formed part of the experiments. 
The data results for both graded and non-graded tourism establishments were analysed and 
aggregated, and used to populate CPTs for the computational model presented in Figure 5.2.  
5.5.1 MARGINAL DISTRIBUTIONS  
Marginal distributions are ordinarily utilised as a projection of the joint probability distribution on the 
smaller grouping of variables X1……Xm (Darwiche, 2009). Given a joint probability Pr (x1………, xn), the 
marginal distribution is Pr (x1………, xm), where m <= n is expressed as follows: 









Posterior marginals are marginal distributions which are given some evidence. In contrast, prior 
marginals are marginal distributions constructed given no evidence.  
5.5.2 PRIOR MARGINALS   
Prior marginals were computed for each network variable of the constructed Bayesian network model 
specified in Figure 5.2. The values for the variables were obtained from the online questionnaire 
responses. The data results for both graded and non-graded tourism establishments were analysed 
and aggregated, and used to populate CPTs. The CPTs were then processed by SAMIAM, for calculation 
of the prior marginal for each variable. The data used for populating the CPTs is attached as Annexure 
B.     
Figure 5.3 depicts prior marginals computed for each network variable. The computed prior marginals 
indicate the probabilities. 
 Trained (T): The likelihood that a grading applicant has undergone training on the grading 
application process is 25%. Therefore, the likelihood that a grading applicant has not undergone 
training on the grading application process is 75%. 
 Computer Literate (CL): The likelihood that a grading applicant is computer literate is 60%. 
Therefore, the likelihood that a grading applicant is not computer literate is 40%.  
 Grading Complexity (G): The likelihood that a grading applicant will find the overall grading 
application process difficult is 56.50%. Therefore, the likelihood that a grading applicant will not 
find the grading application process difficult is 43.50%. 
 Government Funding (GF): The likelihood that government funding to the TGCSA is adequate is 
40%. Therefore, the likelihood that government funding to the TGCSA is not adequate is 60%. 
 Benefits (B): The likelihood that grading benefits will be regarded as satisfactory by tourism 
establishments is 48%. Therefore, the likelihood that grading benefits will not be regarded as 
satisfactory by tourism establishments is 52%. 
 Grading Cost (GC): The likelihood that being graded is considered expensive is 52%. Therefore, 
the likelihood that being graded is not considered expensive is 48%. 
 Increased Grading (IG): The likelihood that the number of graded tourism accommodation 
establishments will increase is 46.35%. Therefore, the likelihood that the number of graded 






Figure 5.3: Prior marginals for Bayesian model  
5.5.3 POSTERIOR MARGINALS  
Posterior marginals were computed for each network variable of the constructed Bayesian network 
model specified in Figure 5.2.   Posterior marginals are computed using one variable or a combination 
of variables as evidence variable/s. An evidence variable is a variable where one of its possible 
outcomes is 100% known. To use Figure 5.2 as an example, variable Grading Cost (GC) has two possible 
outcomes, namely Expensive or Affordable.  Therefore, when Grading Cost (GC) is used as an evidence 
variable, it is because either outcome Expensive or Affordable is known, which equates to a 100% 
likelihood that the known outcome will occur. Variables whose outcome is not 100% known cannot be 
used as evidence variables. These variables are referred to as query variables, and questions need to 
be asked about them, such as computing their posterior marginals (Darwiche, 2009).  
The initialised probabilities for all variables of the model are the prior marginal probabilities indicated 
in section 5.5.2.  The prior marginal probabilities for each variable are calculated using a Bayesian 
statistical algorithm, which takes the values for CPTs as input.  These probabilities are then used in the 
computation of posterior marginals, with the exception of evidence variables, which are equated to a 
100% likelihood for one of their known outcomes. The probabilities for each variable are 
interconnected through a child and parent relationship. This means that a probability change in a child 
variable results in a change in its parent. A probability change in a parent variable results in a change 
in its child. Posterior marginals seek to investigate and determine the probability change in a variable 





In this research study, posterior marginals were computed using a single variable as well as a 
combination of network variables as evidence variable/s.   
5.5.3.1 Posterior marginals using Trained (T) as evidence variable   
Figure 5.4 presents the computed posterior marginals in which the value of network variable Trained 
(T) = True. This means that Trained (T) was used as an evidence variable in the computation of the 
posterior marginals.  An evidence variable is a variable whose value is known. Variable Trained (T) is a 
parent variable to variable Grading Complexity (G), which in turn is a parent variable to variable 
Increased Grading (IG).   
The computed posterior marginals further indicate that Trained (T) has an influence on both Grading 
Complexity (G) and Increased Grading (IG). This is evident in that when training is known to have been 
provided to a grading applicant (Training = True), the likelihood that they will find the grading 
application process easy increases from 43.50% to 66%, translating to a change of 22.5%. Additionally, 
the likelihood that a grading applicant will find the grading process difficult decreases from 56.50% to 
34%, translating to a 23.5% change. Furthermore, the likelihood that the number of graded 
establishments will increase rises from 46.35% to 48.60%, translating to a change of 2.25%. The 
likelihood that the number of graded establishments will not increase decreases from 53.65% to 
51.40%, translating to a 2.25% change.  
These statistics indicate that training of grading applicants alone will increase the likelihood that they 
will find the grading application process easy, but will not result in a 50% or more likelihood that the 
number of graded tourism establishments will increase.   
The computed posterior marginals further indicate that Trained (T) does not have an influence on 
Computer Literate (CL), Government Funding (GF), Benefits (B) and Grading Cost (GC). This is evident 
in that when training is known to have been provided (Training = True), probabilities for Computer 






Figure 5.4: Computed posterior marginals where Trained (T) = True 
Figure 5.5 indicates the computed posterior marginals where the value of network variable Trained (T) 
= False. This means that variable Trained (T) was used as an evidence variable in the computation of 
the posterior marginals. Variable Trained (T) is a parent variable to variable Grading Complexity (G), 
which in turn is a parent variable to variable Increased Grading (IG).   
The computed posterior marginals further indicate that Trained (T) has an influence on both Grading 
Complexity (G) and Increased Grading (IG). This is evident in that when training is known to have not 
been provided to a grading applicant (Training = False), the likelihood that a grading applicant will find 
the grading application process easy decreases from 43.50% to 36%, translating to a change of 7.5%. 
Additionally, the likelihood that a grading applicant will find the grading process difficult increases from 
56.50% to 64%, translating to a 7.5% change. Furthermore, the likelihood that the number of graded 
establishments will increase decreases from 46.35% to 45.60%, translating to a positive change of 
0.75%. The likelihood that the number of graded establishments will not increase rises from 53.65% to 
54.40%, translating to a 0.75% change.  
These statistics indicate that not providing training to grading applicants increases the likelihood that 
grading applicants will find the grading application process difficult, thereby increasing the likelihood 
that the number of graded tourism establishments will decrease.    
The computed posterior marginals further indicate that Trained (T) does not have an influence on 





in that when training is known to have not been provided (Training = False), probabilities for Computer 
Literate (CL), Government Funding (GF), Benefits (B) and Grading Cost (GC) do not change.  
 
Figure 5.5: Computed posterior marginals where Trained (T) = False 
5.5.3.2 Posterior marginals using Computer Literate (CL) as evidence variable   
Figure 5.6 indicates the computed posterior marginals where the value of network variable Computer 
Literate (CL) = True. This means that Computer Literate (CL) was used as an evidence variable in the 
computation of the posterior marginals.  Variable Computer Literate (CL) is a parent node to variable 
Grading Complexity (G), which in turn is a parent to variable Increased Grading (IG).  
The computed posterior marginals further indicate that Computer Literate (CL) has an influence on 
both Grading Complexity (G) and Increased Grading (IG). This is evident in that when a grading 
applicant is known to be computer literate (Computer Literate = True), the likelihood that they will find 
the grading application process easy increases from 43.50% to 47.50%, translating to a change of 4%. 
Additionally, the likelihood that a grading applicant will find the grading process difficult decreases 
from 56.50% to 52.50%, translating to a 4% change. Furthermore, the likelihood that the number of 
graded establishments will increase rises from 46.35% to 46.75%, translating to a positive change of 
0.75%. The likelihood that the number of graded establishments will not increase decreases from 
53.65% to 53.25%, translating to a 0.4% change.  
These statistics indicate that improving the computer literacy of grading applicants alone will not result 





still mostly likely that the grading applicants will find the grading application difficult. In addition, the 
change in likelihood of an increase in the number of graded establishments is minimal, from 46.35% 
to 46.75%, which is a less than 1% change in probability.    
The computed posterior marginals further indicate that Computer Literate (CL) does not have an 
influence on Trained (T), Government Funding (GF), Benefits (B) and Grading Cost (GC). This is evident 
in that when a grading applicant is known to be computer literate (Computer Literate = True), 
probabilities for Trained (T), Government Funding (GF), Benefits (B) and Grading Cost (GC) do not 
change.  
 
Figure 5.6: Computed posterior marginals where Computer Literate (CL) = True 
Figure 5.7 indicates the computed posterior marginals where the value of network variable Computer 
Literate (CL) = False.  Variable Computer Literate (CL) is a parent node to variable Grading Complexity 
(G), which in turn is a parent to variable Increased Grading (IG).  
The computed posterior marginals further indicate that Computer Literate (CL) has an influence on 
both Grading Complexity (G) and Increased Grading (IG). This is evident in that when a grading 
applicant is known to not be computer literate (Computer Literate = False), the likelihood that a grading 
applicant will find the grading application process easy decreases from 43.50% to 37.50%, translating 
to a change of 6%. Additionally, the likelihood that a grading applicant will find the grading process 
difficult increases from 56.50% to 62.50%, translating to a 6% change. Furthermore, the likelihood that 





change of 0.6%. The likelihood that the number of graded establishments will not increase rises from 
53.65% to 54.25%, translating to a 0.6% change.  
These statistics indicate that not improving the computer literacy of grading applicants alone will not 
impact significantly on whether the number of graded establishments will increase or decrease. This is 
evident in that when a grading applicant is known to not be computer literate, the change in likelihood 
regarding an increase or decrease in the number of graded establishments changes by 0.6%, which is 
minimal. However, this does not mean that this variable is not important in increasing the number of 
graded tourism establishments, as it still has an impact on whether a grading applicant will find the 
grading application process easy or not. Furthermore, when combined with other variables such as 
Training (T), this variable may have a significant impact on the number of graded tourism 
establishments, as opposed to when it is separate.     
The computed posterior marginals further indicate that Computer Literate (CL) does not have an 
influence on Trained (T), Government Funding (GF), Benefits (B) and Grading Cost (GC). This is evident 
in that when a grading applicant is known to not be computer literate (Computer Literate = False), 
probabilities for Trained (T), Government Funding (GF), Benefits (B) and Grading Cost (GC) do not 
change.  
 





5.5.3.3 Posterior marginals using Government Funding (GF) as evidence variable   
Figure 5.8 indicates the computed posterior marginals where the value of network variable 
Government Funding (GF) = Adequate. This means that Government Funding (GF) was used as an 
evidence variable in the computation of the posterior marginals.  Variable Government Funding (GF) 
is a parent node to variables Benefits (B) and Cost (C), which in turn are both parent variables to 
variable Increased Grading (IG).  
The computed posterior marginals indicate that Government Funding (GF) has an influence on three 
variables of the model, namely Benefits (B), Grading Cost (GC) and Increased Grading (IG). This is 
evident in that when government funding is known to be adequate (Government Funding = Adequate), 
the likelihood that grading cost will be found to be affordable increases from 48% to 60%, translating 
to a change of 12%. Additionally, the likelihood that grading cost will be perceived as expensive 
decreases from 52% to 40%, translating to a 12% change. Moreover, the likelihood that grading 
benefits will be satisfactory increases from 48% to 60%, translating to a change of 12%.  The likelihood 
that grading benefits will not be satisfactory decreases from 52% to 40%, translating to a change of 
12%. Furthermore, the likelihood that the number of graded establishments will increase rises from 
46.35% to 49.95%, translating to a positive change of 3.6%. The likelihood that the number of grading 
establishments will not increase decreases from 53.65% to 50.05%, translating to a 3.6% change.  
These statistics indicate that adequate government funding has a positive impact on grading benefits 
and grading cost. These are the two variables identified in the study conducted by the TGCSA (2017) 
as the most important variables influencing the number of graded tourism establishments. 
Furthermore, the statistics indicate that when government funding is adequate, the likelihood that the 
number of graded tourism establishments will increase rises to 49.95%. This indicates that government 
funding is an important variable with a significance influence on increasing the number of graded 
tourism establishments. 
The computed posterior marginals further indicate that Government Funding (GF) does not have an 
influence on Computer Literate (CL), Trained (T) and Grading Complexity (G). This is evident in that 
when government funding is known to be adequate (Government Funding = Adequate), probabilities 






Figure 5.8: Computed posterior marginals where Government Funding (GF) = Adequate 
Figure 5.9 indicates the computed posterior marginals where the value of network variable 
Government Funding (GF) = Not adequate. Variable Government Funding (GF) is a parent node to 
variables Benefits (B) and Cost (C), which in turn are both parent variables to variable Increased 
Grading (IG).  
The computed posterior marginals indicate that Government Funding (GF) has an influence on three 
variables of the model, namely Benefits (B), Grading Cost (GC) and Increased Grading (IG). This is 
evident in that when government funding is known to not be adequate (Government Funding = Not 
adequate), the likelihood that grading cost will be perceived as affordable decreases from 48% to 40%, 
translating to a change of 8%. Additionally, the likelihood that grading cost will be perceived as 
expensive increases from 52% to 60%, translating to an 8% change. Moreover, the likelihood that 
grading benefits will be satisfactory decreases from 48% to 40%, translating to a change of 8%.  The 
likelihood that grading benefits will not be satisfactory increases from 52% to 60%, translating to a 
change of 8%. Ultimately, the likelihood that the number of graded establishments will increase 
decreases from 46.35% to 43.95%, translating to a positive change of 2.4%. The likelihood that the 
number of graded establishments will not increase rises from 53.65% to 56.05%, translating to a 2.4% 
change.  
These statistics indicate that inadequate government funding has a negative impact on grading 





graded tourism establishments will increase, which decreases by 2.4% from 46.35% to 43.95%. This is 
because government funding is critical for enabling subsidies within the grading process, which may 
be in the form of financial or non-financial benefits. An example is the TGSP introduced by the 
Department of Tourism, through which a total of 1 955 tourism establishments were subsidised in 
2019, which is 39% of the total graded tourism establishments in South Africa (Department of Tourism, 
2019). This indicates that government funding is a significant variable in increasing the number of 
graded tourism establishments. 
The computed posterior marginals further indicate that Government Funding (GF) does not have an 
influence on Computer Literate (CL), Trained (T) and Grading Complexity (G). This is evident in that 
when government funding is known to not be adequate (Government Funding = Not adequate), 
probabilities for Computer Literate (CL), Trained (T) and Grading Complexity (G) do not change.  
 
Figure 5.9:  Computed posterior marginals where Government Funding (GF) = Not adequate 
5.5.3.4 Posterior marginals using Grading Complexity (G) as evidence variable   
Figure 5.10 indicates the computed posterior marginals where the value of network variable Grading 
Complexity (G) = Easy. Variable Grading Complexity (G) is a parent node to variable Increased Grading 
(IG), and a child node to both variables Training (T) and Computer Literate (CL).  
The computed posterior marginals indicate that Grading Complexity (G) has an influence on three 





evident in that when grading complexity is perceived to be easy (Grading Complexity = Easy), the 
likelihood that the number of graded establishments will increase rises from 46.35% to 52%, 
translating to a change of 5.65%. The likelihood that the number of graded establishments will not 
increase decreases from 53.65% to 48%, translating to a 5.65% change.  
These statistics indicate that in order to ensure a 100% likelihood that the grading complexity will be 
perceived as easy, the likelihood that a grading applicant has been trained (Trained = True) needs to 
increase from 25% to 37.93%, and the likelihood that the grading applicant is computer literate 
(Computer Literate = True) needs to increase from 60% to 65.52%. This means that in order to ensure 
a 100% likelihood that the grading application process will always be found easy, training needs to be 
given to prospective grading applicants in order to improve the current numbers of prospective grading 
applicants who have undergone training, from 25% to 37.93%. Similarly, the percentage of prospective 
grading applicants who are computer literate will need to improve from 60% to 65.52%. Most 
importantly, these statistics indicate that the degree to which the grading application process is found 
complex is significant in increasing the number of graded tourism establishments. This is evident in 
that when the grading application process is found to be easy by grading applicants, the likelihood that 
the number of graded tourism establishments will increase improves to over 50%, from 46.35% to 
52%. 
The computed posterior marginals further indicate that Grading Complexity (G) does not have an 
influence on Government Funding (GF), Benefits (B) and Grading Cost (GC). This is evident in that when 
grading complexity is perceived to be easy (Grading Complexity = Easy), probabilities for Government 






Figure 5.10: Computed posterior marginals where Grading Complexity (G) = Easy 
Figure 5.11 indicates the computed posterior marginals where the value of network variable Grading 
Complexity (G) = Difficult. Variable Grading Complexity (G) is a parent node to variable Increased 
Grading (IG) and a child node to both variables Training (T) and Computer Literate (CL).  
The computed posterior marginals indicate that Grading Complexity (G) has an influence on three 
variables of the model, namely Trained (T), Computer Literate (CL) and Increased Grading (IG). This is 
evident in that when grading complexity is perceived to be difficult (Grading Complexity = Difficult), 
the likelihood that the number of graded establishments will increase decreases from 46.35% to 42%, 
translating to a change of 4.35%. The likelihood that the number of graded establishments will not 
increase rises from 53.65% to 58%, translating in a 4.35% change.  
These statistics indicate that grading application will be found to be difficult 100% of the time when 
the likelihood that a grading applicant has received training (Training=True) drops from 25% to 15.04%, 
and the likelihood that a grading applicant being computer literate drops from 60% to 55.75%.  
Ultimately, these statistics indicate that the degree to which the grading application process is found 
to be complex is significant in increasing the number of graded tourism establishments. This is evident 
in that when the grading application process is found to be difficult by grading applicants, the likelihood 
that the number of graded tourism establishments will increase is significantly impacted, as it changes 





The computed posterior marginals further indicate that Grading Complexity (G) does not have an 
influence on Government Funding (GF), Benefits (B) and Grading Cost (GC). This is evident in that when 
the grading process is found to be difficult (Grading Complexity = Difficult), probabilities for 
Government Funding (GF), Benefits (B) and Grading Cost (GC) do not change.   
 
Figure 5.11: Computed posterior marginals where Grading Complexity (G) = Difficult 
5.5.3.5 Posterior marginals using Benefits (B) as evidence variable   
Figure 5.12 indicates the computed posterior marginals where the value of network variable Benefits 
(B) = Satisfactory. Variable Benefits (B) is a parent node to variable Increased Grading (IG) and a child 
node to Government Funding (GF).  
According to the study conducted by the TGCSA (2017), grading benefits are one of the main factors 
identified by tourism establishment owners and managers as a determinant in whether to grade their 
establishments. A manager or owner who does not regard grading to be beneficial to their tourism 
establishment is most likely not to have it graded, or will most likely terminate the current grading 
membership (TGCSA, 2017). 
The computed posterior marginals further indicate that Benefits (B) has an influence on three variables 
of the model, namely Government Funding (GF), Grading Cost (GC) and Increased Grading (IG). This is 
evident in that when grading benefits are known to be satisfactory (Benefits = Satisfactory), the 





translating to a change of 8%. The likelihood that the number of graded establishments will not 
increase decreases from 53.65% to 45.65%, translating to a change of 8%.  
These statistics indicate that in order to ensure a 100% likelihood that grading benefits will be regarded 
as satisfactory, the likelihood that government funding is adequate (Government Funding = Adequate) 
needs to increase from 40% to 50%, and the likelihood that the grading cost is perceived as affordable 
(Grading Cost = Affordable) needs to increase from 48% to 50%. This means that in order to ensure a 
100% likelihood that grading benefits will be found satisfactory at all times, more government funding 
is required to improve the probability that government funding will be found to be adequate. Similarly, 
grading cost needs to be decreased in order to improve the likelihood that most prospective grading 
applicants will find the grading cost to be affordable. Most importantly, these statistics indicate that 
grading benefits are significant in increasing the number of graded tourism establishments. This is 
evident in that when the grading benefits are regarded as satisfactory, the likelihood that the number 
of graded tourism establishments will increase improves to over 50%, from 46.35% to 54.35%, 
translating to a change of 8%.  
The computed posterior marginals further indicate that variable Benefits (B) does not have an 
influence on Grading Complexity (G), Trained (T) and Computer Literate (CL). This is evident in that 
when benefits are regarded as satisfactory (Benefits = Satisfactory), probabilities for Grading 
Complexity (G), Trained (T) and Computer Literate (CL) do not change.   
 





Figure 5.13 indicates the computed posterior marginals where the value of network variable Benefits 
(B) = Not satisfactory. Variable Benefits (B) is a parent node to variable Increased Grading (IG) and a 
child node to Government Funding (GF).  
The computed posterior marginals indicate that variable Benefits (B) has an influence on three 
variables of the model, namely Government Funding (GF), Grading Cost (GC) and Increased Grading 
(IG). This is evident in that when grading benefits are known to be not satisfactory (Benefits = Not 
satisfactory), the likelihood that the number of graded establishments will increase decreases from 
46.35% to 38.97%, translating to a change of 7.38%. The likelihood that the number of graded 
establishments will not increase goes up from 53.65% to 61.03% translating to a change of 7.38%  
These statistics indicate that grading benefits will not be satisfactory 100% of the time when the 
likelihood that government funding is adequate drops from 40% to 30.77%, and the likelihood that 
grading cost is affordable drops from 52% to 46.15%.  Ultimately, these statistics indicate that grading 
benefits are critical in increasing the number of graded tourism establishments. This is evident in that 
when the grading benefits are found not to be satisfactory by prospective grading applicants, the 
likelihood that the number of graded tourism establishments will increase is negatively impacted, as it 
further decreases from 46.35% to 38.97%, which is a change of 7.38%. 
The computed posterior marginals further indicate that variable Benefits (B) does not have an 
influence on Grading Complexity (G), Trained (T) and Computer Literate (CL). This is evident in that 
when benefits are known to be not satisfactory (Benefits = Satisfactory), probabilities for Grading 






Figure 5.13: Computed posterior marginals where Benefits (B) = Not satisfactory 
5.5.3.6 Posterior marginals using Grading Cost (GC) as evidence variable   
According to the study conducted by Narangajavana and Hu (2017), cost of grading was identified as a 
major hindrance to the grading of establishments, particularly for small and medium enterprises. 
Figure 5.14 indicates the computed posterior marginals where the value of network variable Grading 
Cost = Affordable. Variable Grading Cost (GC) is a parent node to variable Increased Grading (IG) and a 
child node to Government Funding (GF). Therefore, variable Grading Cost (GC) has an influence on 
variable Increased Grading (IG).  
The computed posterior marginals indicate that Grading Cost (GC) has an influence on three variables 
of the model, namely Government Funding (GF), Benefits (B) and Increased Grading (IG). This is evident 
in that when grading cost is perceived to be affordable (Grading Cost = Affordable), the likelihood that 
the number of graded establishments will increase rises from 46.35% to 54.35%, translating to a 
change of 8%. The likelihood that the number of graded establishments will not increase decreases 
from 53.65% to 45.65%, translating to a change of 8%.  
These statistics indicate that in order to ensure a 100% likelihood that grading cost will be regarded as 
affordable, the likelihood that government funding is adequate (Government Funding = Adequate) 
needs to increase from 40% to 50%, and the likelihood that grading benefits are satisfactory (Benefits 
= Satisfactory) needs to increase from 48% to 50%. This means that in order to ensure a 100% likelihood 





the probability that government funding will be found adequate. Similarly, additional benefits need to 
be provided in order to improve the likelihood that most prospective grading applicants will find the 
grading benefits satisfactory. Most importantly, these statistics indicate that grading cost is significant 
in increasing the number of graded tourism establishments. This is evident in that when the grading 
cost is regarded as affordable, the likelihood that the number of graded tourism establishments will 
increase improves to over 50%, from 46.35% to 54.35%, translating to a change of 8%.  
The computed posterior marginals further indicate that Grading Cost (GC) does not have an influence 
on Grading Complexity (G), Trained (T) and Computer Literate (CL). This is evident in that when grading 
cost is known to be affordable (Grading Cost = Affordable), probabilities for Grading Complexity (G), 
Trained (T) and Computer Literate (CL) do not change. 
 
Figure 5.14: Computed posterior marginals where Grading Cost (GC) = Affordable 
According to the study conducted by the TGCSA (2017), grading cost is one of the main factors 
identified by tourism establishment owners and managers as a determinant of whether to grade their 
tourism establishments. This is because a manager or owner who cannot afford to grade their tourism 
establishment will most likely not have it graded, or will most likely terminate the current grading 
membership (TGCSA, 2017). 
Figure 5.15 indicates the computed posterior marginals where the value of network variable Grading 
Cost = Expensive. Variable Grading Cost (GC) is a parent node to variable Increased Grading (IG) and a 
child node to Government Funding (GF). Therefore, variable Grading Cost (GC) has an influence on 





The computed posterior marginals indicate that variable Benefits (B) has an influence on three 
variables of the model, namely Government Funding (GF), Grading Cost (GC) and Increased Grading 
(IG). This is evident in that when grading cost is perceived to be expensive (Grading Cost = Expensive), 
the likelihood that the number of graded establishments will increase decreases from 46.35% to 
38.97%, translating to a change of 7.38%. The likelihood that the number of graded establishments will 
not increase rises from 53.65% to 61.03%, translating to a change of 7.38%.  
These statistics indicate that grading will be found to be expensive 100% of the time when the 
likelihood that government funding is adequate drops from 40% to 30.77%, and the likelihood that 
grading benefits are satisfactory drops from 52% to 46.15%.  Ultimately, these statistics indicate that 
grading cost is critical in increasing the number of graded tourism establishments. This is evident in 
that when the grading cost is found to be expensive by prospective grading applicants, the likelihood 
that the number of graded tourism establishments will increase is negatively impacted, as it further 
decreases from 46.35% to 38.97%, which is a change of 7.38%. 
The computed posterior marginals further indicate that Grading Cost (GC) does not have an influence 
on Grading Complexity (G), Trained (T) and Computer Literate (CL). This is evident in that when grading 
cost is known to be expensive (Grading Cost = Expensive), probabilities for Grading Complexity (G), 
Trained (T) and Computer Literate (CL) do not change. 
 





5.5.3.7 Posterior marginals using a combination of Grading Complexity (G), Benefits (B) and 
Grading Cost (GC) as evidence variables   
Figure 5.16 indicates the computed posterior marginals using a combination of network variables 
Grading Complexity (G), Benefits (B) and Grading Cost (GC). The value of Grading Complexity = Easy, 
Benefits = Satisfactory and Grading Cost = Affordable. This means that variables Grading Complexity 
(G), Benefits (B) and Grading Cost (C) were used as evidence variables in the computation of the 
posterior marginals.  Grading Complexity (G), Benefits (B) and Grading Cost (GC) are all parent nodes 
to variable Increased Grading (IG).  Furthermore, Grading Complexity (G) is a child variable to both 
variables Trained (T) and Computer Literate (CL), and variables Benefits (B) and Grading Cost (GC) are 
child variables to variable Government Funding (GF). 
The computed posterior marginals indicate that the change in probability values for Grading 
Complexity (G), Benefits (B) and Grading Cost (GC) has a significant influence on the number of graded 
tourism establishments. This is evident in that when grading complexity is 100% known to be easy 
(Grading Complexity = Easy), grading benefits are 100% known to be satisfactory (Benefits = 
Satisfactory) and grading cost is 100% known to be affordable (Grading Cost = Affordable), the 
likelihood that graded establishments will increase rises from 46.35% to 70%, translating to a change 
of 26.65%. The likelihood that the number of graded establishments will not increase decreases from 
53.65% to 30%, translating to a change of 23.65%.  
These statistics indicate that ensuring and maintaining a positive state of Grading Complexity (G), 
Benefits (B) and Grading Cost (GC) will have a positive and significant impact on the number of graded 
tourism establishments. This is evident in that when grading complexity is 100% known to be easy 
(Grading Complexity = Easy), grading benefits are 100% known to be satisfactory (Benefits = 
Satisfactory) and grading cost is 100% known to be affordable (Grading Cost = Affordable), the 
likelihood that the number of graded establishments will increase rises from 46.35% to 70%, 
translating to a change of 26.65%.  These are the highest probabilities that can be recorded, as this 
calculation includes all three variables with a 100% positive state, which have a direct influence on the 
number of graded tourism establishments. The statistics further indicate that the likelihood that 
government funding is adequate (Government Funding = Adequate) needs to increase from 40% to 
60% in order to ensure that grading benefits and grading cost will be found to be satisfactory and 






Figure 5.16: Computed posterior marginals where Grading Complexity (G) = Easy, Benefits (B) = Satisfactory 
and Grading Cost (GC) = Affordable 
Figure 5.17 indicates the computed posterior marginals using a combination of network variables 
Grading Complexity (G), Benefits (B) and Grading Cost (GC). The value of Grading Complexity = Difficult, 
Benefits = Not satisfactory and Grading Cost = Expensive. This means that Grading Complexity (G), 
Benefits (B) and Grading Cost (GC) were used as evidence variables in the computation of the posterior 
marginals.  Grading Complexity (G), Benefits (B) and Grading Cost (GC) are all parent nodes to variable 
Increased Grading (IG).  Furthermore, Grading Complexity is a child variable to both variables Trained 
(T) and Computer Literate (CL), and variables Benefits (B) and Grading Cost (GC) are child variables to 
variable Government Funding (GF). 
The computed posterior marginals indicate that the change in probability values for Grading 
Complexity (G), Benefits (B) and Grading Cost (GC) has a significant influence on the number of graded 
tourism establishments. This is evident in that when grading complexity is 100% known to be difficult 
(Grading Complexity = Difficult), grading benefits are 100% known to not be satisfactory (Benefits = 
Not satisfactory) and grading cost is 100% known to be expensive (Grading Cost = Expensive), the 
likelihood that the number of graded establishments will increase decreases from 46.35% to 30%, 
translating to a change of 16.35%. The likelihood that the number of graded establishments will not 





These statistics indicate that a negative state of Grading Complexity (G), Benefits (B) and Grading Cost 
(GC) has a negative impact on increasing the number of graded tourism establishments.  This is also 
consistent with the prior marginals presented in section 5.5.2, which indicated that currently the state 
of Grading Complexity (G), Benefits (B) and Grading Cost (GC) is negative; hence the likelihood of the 
number of graded tourism establishments increasing is currently 48%. However, the statistics for this 
posterior marginal indicate that when grading complexity is 100% known to be difficult (Grading 
Complexity = Difficult), grading benefits are 100% known to not be satisfactory (Benefits = Not 
satisfactory) and grading cost is 100% known to be expensive (Grading Cost = Expensive), it has the 
highest detrimental effect on the number of graded tourism establishments.  This in evident in that 
the likelihood that the number of graded establishments will increase decreases from 46.35% to 30%, 
translating to a change of 16.35%.   
 
Figure 5.17: Computed posterior marginals where Grading Complexity (G) = Difficult, Benefits (B) = Not 
satisfactory and Grading Cost (GC) = Expensive 
5.5.4 MOST PROBABLE EXPLANATION (MPE) 
The MPE was also computed as part of experiments in this research study.  It was computed using 
single as well as a combination of network variables as evidence variables.  The MPE is used to identify 
the most probable explanation of network variables given known evidence of variables within the 
network (Darwiche, 2009). In other words, the computation of the MPE enables assignment of values 






5.5.4.1 MPE using Government Funding (GF) and Trained (T) as evidence variables   
The MPE in Figure 5.18 was computed using evidence indicating that government funding is adequate 
(Government Funding = Adequate) and training has been provided (Trained = True). Put differently, 
the MPE was computed given that it is 100% known that government funding is adequate and that 
training had been provided to prospective grading applicants.  The constructed MPE in Figure 5.18 
gives the following MPE:  
B = Satisfactory, CL = True, G = Easy, GC = Affordable and IG = True. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.016 and P (mpe | e) = 0.106, respectively, given evidence e, GF = Adequate 
and T = True. The probability values for all computed MPEs throughout this research study have been 
rounded off to three decimal places, e.g. 0.000.  
This indicates that when government funding is known to be adequate and a grading applicant is 
known to have been trained, there is a 10.6% likelihood that grading benefits are satisfactory (60%), 
the grading applicant is computer literate (60%), grading complexity is easy (66%), grading cost is 
affordable (60%) and the number of graded tourism establishments will increase (52.2%). 
 
Figure 5.18: Computed MPE where Government Funding (GF) = Adequate and Trained (T) = True 
The MPE in Figure 5.19 was computed using evidence indicating that government funding is not 
adequate (Government Funding = Not adequate) and training has not been provided (Trained = False). 





adequate and that training was not provided.  The computed MPE in Figure 5.19 gives the following 
MPE:  
Benefits B = Not satisfactory, CL = False, G = Difficult, GC = Expensive and IG = False. This 
instantiation/likelihood has a probability of P (mpe, e) = 0.040 and P (mpe|e) = 0.090, respectively, 
given evidence e, GF = Not adequate and T = False. 
This indicates that when government funding is known to not be adequate and a grading applicant is 
known to have not been trained, there is a 60% likelihood that grading benefits are not satisfactory 
(60%), the grading applicant is computer literate (60%), grading complexity is difficult (64%), grading 
cost is expensive (60%) and the number of graded tourism establishments will not increase (56.80%). 
 
Figure 5.19: Computed MPE where Government Funding (GF) = Not adequate and Trained (T) = False 
5.5.4.2 MPE using Government Funding (GF) and Computer Literate (CL) as evidence variables   
The MPE in Figure 5.20 was constructed using evidence indicating that government funding (GF) is 
adequate (Government Funding = Adequate) and the grading applicant is computer literate (Computer 
Literate = True). In other words, the MPE was constructed given that it is 100% known that government 
funding is adequate and that the grading applicant is computer literate.  The constructed MPE in Figure 





B = Satisfactory, G = Difficult, GC = Affordable, IG = True and T = False. This instantiation/likelihood has 
a probability of P (mpe, e) = 0.230 and P (mpe|e) = 0.097, respectively, given evidence e, CL = True and 
GF = Adequate. 
This indicates that when government funding is known to be adequate and a grading applicant is 
known to be computer literate, there is a 9.7% likelihood that grading benefits are satisfactory (60%), 
grading complexity is difficult (52.50%), grading cost is affordable (60%), the grading applicant has not 
been trained and the number of graded tourism establishments will increase (50.35%). 
 
Figure 5.20: Computed MPE where Government Funding (GF) = Adequate and Computer Literate (CL) = True 
The MPE in Figure 5.21 was constructed using evidence indicating that government funding is not 
adequate (Government Funding = Not adequate) and that the grading applicant is not computer 
literate (Computer Literate = False). In other words, the MPE was constructed given that it is 100% 
known that government funding is not adequate and that the grading applicant is not computer 
literate.  The constructed MPE in Figure 5.21 gives the following MPE:  
B = Not satisfactory, G = Difficult, GC = Expensive, IG = False and T = False. This instantiation/likelihood 
has a probability of P (mpe, e) = 0.032 and P (mpe|e) = 0.132, respectively, given evidence e, CL = False 
and GF = Not adequate. 
This indicates that when government funding is known to not be adequate and a grading applicant is 





(60%), grading complexity is difficult (62.50%), grading cost is expensive (60%), the grading applicant 
has not been trained (25%) and the number of graded tourism establishments will not increase 
(56.65%). 
 
Figure 5.21: Computed MPE where Government Funding (GF) = Not adequate and Computer Literate (CL) = 
False 
5.5.4.3 MPE using Government Funding (GF), Computer Literate (CL) and Trained (T) as evidence 
variables   
The MPE in Figure 5.22 was constructed using evidence indicating that government funding is 
adequate (Government Funding = Adequate), training has been provided (Trained = True) and the 
grading applicant is computer literate (Computer Literate = True). In other words, the MPE was 
constructed given that it is 100% known that government funding is adequate, training was provided 
and the grading applicant is computer literate.  The constructed MPE in Figure 5.22 gives the following 
MPE:  
B = Satisfactory, G = Easy, GC = Affordable, IG = True. This instantiation/likelihood has a probability of 
P (mpe, e) = 0.010 and P (mpe|e) = 0.176, respectively, given evidence e, CL = True, GF = Adequate and 
T = True. 
This indicates that when government funding is known to be adequate, the grading applicant is known 
to be computer literate and trained on the grading application process, there is a 17.6% likelihood that 
grading benefits are satisfactory (60%), grading complexity is easy (70%), grading cost is affordable 






Figure 5.22: Computed MPE where Government Funding (GF) = Adequate, Trained (T) = True and Computer 
Literate (CL) = True 
The MPE in Figure 5.23 was constructed using evidence indicating that government funding is not 
adequate (Government Funding = Not adequate), training has not been provided (Trained = False) and 
the grading applicant is not computer literate (Computer Literate = False). In other words, the MPE 
was constructed given that it is 100% knows that government funding is not adequate, training was 
not provided and the grading applicant is not computer literate.  The constructed MPE in Figure 5.23 
gives the following MPE:  
B = Not satisfactory, G = Difficult, GC = Expensive, IG = False. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.032 and P (mpe|e) = 0.176, respectively, given evidence e, CL = False, GF 
= Not adequate and T = False. 
This indicates that when government funding is known to not be adequate and the grading applicant 
is known to not be computer literate or trained on the grading application process, there is a 17.6% 
likelihood that grading benefits are not satisfactory (60%), grading complexity is difficult (70%), grading 






Figure 5.23: Computed MPE where Government Funding (GF) = Not adequate, Trained (T) = False and 
Computer Literate (CL) = False 
5.5.4.4 MPE using Grading Complexity (G) and Grading Cost (GC) as evidence variables   
The MPE in Figure 5.24 was constructed using evidence indicating that the grading application process 
is easy (Grading Complexity = Easy) and the cost of grading is affordable (Grading Cost = Affordable). 
In other words, the MPE was constructed given that it is 100% known that the grading application 
process is easy and cost of grading is affordable.  The constructed MPE in Figure 5.24 gives the following 
MPE:  
B = Satisfactory, CL = True, GF = Adequate, IG = True and T = False. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.020 and P (mpe|e) = 0.090, respectively, given evidence e, G = Easy and 
GC = Affordable. 
This indicates that when grading complexity is known to be easy and grading cost is known to be 
affordable, there is a 0.9% likelihood that grading benefits are satisfactory (50%), the grading applicant 
is computer literate (65.52%) but has not been trained (37.93%), government funding is adequate 






Figure 5.24: Computed MPE where Grading Complexity (G) = Easy and Grading Cost (GC) = Affordable 
The MPE in Figure 5.25 was constructed using evidence indicating that the grading application process 
is difficult (Grading Complexity = Difficult) and the cost of grading is high (Grading Cost = Expensive). 
In other words, the MPE was constructed given that it is 100% known that the grading process is 
difficult and grading is expensive.  The constructed MPE in Figure 5.25 gives the following MPE:  
B = Not satisfactory, CL = True, GF = Not adequate, IG = False and T = False. This instantiation/likelihood 
has a probability of P (mpe, e) = 0.040 and P (mpe|e) = 0.140, respectively, given evidence e, G = 
Difficult and GC = Expensive. 
This indicates that when grading complexity is known to be difficult and grading cost is known to be 
expensive, there is a 0.14% likelihood that grading benefits are not satisfactory (53.85%), the grading 
applicant is computer literate (55.75%) but has not been trained (15.04%), government funding is not 






Figure 5.25: Computed MPE where Grading Complexity (G) = Difficult and Grading Cost (GC) = Expensive 
5.5.4.5 MPE using Grading Complexity (G) and Benefits (B) as evidence variables   
The MPE in Figure 5.26 was constructed using evidence indicating that the grading application process 
is easy (Grading Complexity = Easy) and grading benefits are satisfactory (Benefits = Satisfactory). In 
other words, the MPE was constructed given that it is 100% known that the grading application process 
is easy and the benefits of being graded are satisfactory.  The constructed MPE in Figure 5.26 gives the 
following MPE:  
CL = True, GC = Affordable, GF = Adequate, IG = True and T = False. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.180 and P (mpe|e) = 0.090, respectively, given evidence e, G = Easy and B 
= Satisfactory. 
This indicates that when grading complexity is known to be easy and grading benefits are known to be 
satisfactory, there is a 9% likelihood that grading cost is affordable (50%), government funding is 
adequate (50%), the grading applicant is computer literate (65.52%) but has not been trained (37.93%) 






Figure 5.26: Computed MPE where Grading Complexity (G) = Easy and Benefits (B) = Satisfactory 
The MPE in Figure 5.27 was constructed using evidence indicating that the grading application process 
is difficult (Grading Complexity = Difficult) and grading benefits are not satisfactory (Benefits = Not 
satisfactory). In other words, the MPE was constructed given that it is 100% know, that the grading 
application process is difficult and the benefits of being graded are not satisfactory.  The constructed 
MPE in Figure 5.27 gives the following MPE:  
CL = True, GC = Expensive, GF = Not adequate, IG = False and T = False. This instantiation/likelihood 
has a probability of P (mpe, e) = 0.040 and P (mpe|e) = 0.140, respectively, given evidence e, G = 
Difficult and B = Not satisfactory. 
This indicates that when grading complexity is known to be difficult and grading benefits are known to 
not be satisfactory, there is a 14% likelihood that grading cost is high (53.85%), government funding is 
not adequate (30.77%), the grading applicant is computer literate (55.75%) but has not been trained 






Figure 5.27: Computed MPE where Grading Complexity (G) = Difficult and Benefits (B) = Not satisfactory 
5.5.4.6 MPE using Benefits (B) and Grading Cost (GC) as evidence variables   
The MPE in Figure 5.28 was constructed using evidence indicating that grading benefits are satisfactory 
(Benefits = Satisfactory) and grading cost is affordable (Grading Cost = Affordable). In other words, the 
MPE was constructed given that it is 100% known that benefits are satisfactory and grading cost is 
affordable.  The constructed MPE in Figure 5.28 gives the following MPE:  
CL = True, G = Difficult, GF = Adequate, IG = True and T = False. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.023 and P (mpe|e) = 0.097, respectively, given evidence e, B = Satisfactory 
and GC = Affordable. 
This indicates that when grading benefits are known to be satisfactory and grading cost is known to be 
affordable, there is a 9.7% likelihood that the grading applicant is computer literate (60%), the grading 
application process is difficult (56.50%), government funding is adequate (60%), the grading applicant 






Figure 5.28: Computed MPE where Benefits (B) = Satisfactory and Grading Cost (GC) = Affordable 
The MPE in Figure 5.29 was constructed using evidence indicating that grading benefits are not 
satisfactory (Benefits = Not satisfactory) and grading cost is expensive (Grading Cost = Expensive). In 
other words, the MPE was constructed given that it is 100% known that benefits are not satisfactory 
and grading cost (GC) is expensive.  The constructed MPE in Figure 5.29 gives the following MPE:  
CL = True, G = Difficult, GF = Not adequate, IG = False and T = False. This instantiation/likelihood has a 
probability of P (mpe, e) = 0.040 and P (mpe|e) = 0.145, respectively, given evidence e, B = Not 
satisfactory and GC = Expensive. 
This indicates that when grading benefits are known to not be satisfactory and grading cost is known 
to be expensive, there is a 14.5% likelihood that the grading applicant is computer literate (60%), the 
grading application process is difficult (56.50%), government funding is not adequate (77.14%), the 
grading applicant has not been trained (75%) and the number of graded tourism establishments will 








Figure 5.29: Computed MPE where Benefits (B) = Not satisfactory and Grading Cost (GC) = Expensive 
5.5.4.7 MPE using Grading Complexity (G), Benefits (B) and Grading Cost (GC) as evidence variables   
The MPE in Figure 5.30 was constructed using evidence indicating that the grading process is easy 
(Grading Complexity = Easy), grading benefits are satisfactory (Benefits = Satisfactory) and cost of 
grading is affordable (Grading Cost = Affordable). In other words, the MPE was constructed given that 
it is 100% known that the grading process is easy, grading benefits are satisfactory and the cost of 
grading is affordable.  The constructed MPE in Figure 5.30 gives the following MPE:  
CL = True, GF = Adequate, IG = True and T = False. This instantiation/likelihood has a probability of P 
(mpe, e) = 0.180 and P (mpe|e) = 0.180, respectively, given evidence e, G = Easy, B = Satisfactory and 
GC = Affordable. 
This indicates that when grading complexity is known to be easy, grading benefits are known to be 
satisfactory and grading cost is known to be affordable, there is an 18% likelihood that government 
funding is adequate (60%), the grading applicant is computer literate (65.52%) but has not been trained 






Figure 5.30: MPE where Grading Complexity (G) = Easy, Benefits (B) = Satisfactory and Grading Cost (GC) = 
Affordable 
The MPE in Figure 5.31 was constructed using evidence indicating that the grading process is difficult 
(Grading Complexity = Difficult), grading benefits are not satisfactory (Benefits = Not satisfactory) and 
the cost of grading is expensive (Grading Cost = Expensive). In other words, the MPE was constructed 
given that it is 100% known that the grading process is difficult, grading benefits are not satisfactory 
and the cost of grading is expensive.  The constructed MPE in Figure 5.31 gives the following MPE:  
CL = True, GF = Not adequate, IG = False and T = False. This instantiation/likelihood has a probability of 
P (mpe, e) = 0.040 and P (mpe|e) = 0.258, respectively, given evidence e, G = Difficult, B = Not 
satisfactory and GC = Expensive. 
This indicates that when grading complexity is known to be difficult, grading benefits are known to not 
be satisfactory and grading cost is known to be expensive, there is a 25.8% likelihood that government 
funding is not adequate (77.14%), the grading applicant is computer literate (55.75%) but has not been 






Figure 5.31: Computed MPE where Grading Complexity (G) = Difficult, Benefits (B) = Not satisfactory and 
Grading Cost (GC) = Expensive 
5.5.5 MAXIMUM A POSTERIOR HYPOTHESIS (MAP) 
MAP was also constructed as part of experiments conducted in this research study using single as well 
as a combination of network variables as evidence variables. MAP is constructed to identify the most 
likely instantiation of a subset of network variables given certain evidence (Darwiche, 2009).  Whereas 
MPE is concerned with the general instantiation of all network variables, MAP focuses on a subset of 
variables given evidence of other network variables. This means that MAP is a special case of MPE. Like 
MPE, it is utilised to analyse the impact of variables on their related network variables.   
5.5.5.1 MAP using Trained (T) as evidence variable, and Computer Literate (CL), Grading Complexity 
(G) and Increased Grading (IG) as map variables 
The MAP in Figure 5.32 was computed using evidence indicating that training has been provided 
(Trained = True). In other words, the MAP was computed given that it is 100% known that training was 
provided.  Computer Literate (CL), Grading Complexity (G) and Increased Grading (IG) were used as 
MAP variables.  The probability values for all computed MAPs throughout this research study have 
been rounded off to three decimal places, e.g. 0.000. The computed MAP in Figure 5.32 gives the 
following MAP:  
CL = True, G = Easy and IG = True. This instantiation/likelihood has a probability of P (MAP, e) = 0.054 





This indicates that when it is known that training has been provided to a grading applicant, there is a 
22% likelihood that the grading applicant is computer literate (60%) and will find the grading 
application process easy (66%) and that the number of graded tourism establishments will increase 
(48.60%). 
  
Figure 5.32: Computed MAP where Trained (T) = True, and using Computer Literate (CL), Grading Complexity 
(G) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.33 was constructed using evidence indicating that training has not been provided 
(Trained = False). In other words, the MAP was constructed given that it is 100% known that training 
was not provided. Computer Literate (CL), Grading Complexity (G) and Increased Grading (IG) were 
used as MAP variables. The constructed MAP in Figure 5.33 gives the following MAP:  
CL = True, G = Difficult and IG = False. This instantiation/likelihood has a probability of P (MAP, e) = 
0.157 and P (MAP | e) = 0.209, respectively, given evidence e, T = False. 
This indicates that when it is known that training has not been provided to a grading applicant, there 
is a 21% likelihood that the grading applicant is computer literate (60%), but will find the grading 







Figure 5.33: Computed MAP where Trained (T) = False, and using Computer Literate (CL), Grading Complexity 
(G) and Increased Grading (IG) as MAP variables 
5.5.5.2 MAP using Computer Literate (CL) as evidence variable and Trained (T), Grading Complexity 
(G) and Increased Grading (IG) as map variables 
The MAP in Figure 5.34 was constructed using evidence indicating that the grading applicant is 
computer literate (Computer Literate = True). In other words, the MAP was constructed given that it 
is 100% known that the grading applicant is computer literate.  Trained (T), Grading Complexity (G) and 
Increased Grading (IG) were used as MAP variables. The constructed MAP in Figure 5.34 gives the 
following MAP:  
G = Difficult, IG = False and T = False. This instantiation/likelihood has a probability of P (MAP, e) = 
0.156 and P (MAP | e) = 0.260, respectively, given evidence e, CL = True. 
This indicates that when it is known that a grading applicant is computer literate, there is a 26% 
likelihood that the grading applicant has not been trained (75%) and will find the grading application 







Figure 5.34: Computed MAP where Computer Literate (CL) = True, and using Trained (T), Grading Complexity 
(G) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.35 was constructed using evidence indicating that the grading applicant is not 
computer literate (Computer Literate = False). In other words, the MAP was constructed given that it 
is 100% known that the grading applicant is not computer literate.  Trained (T), Grading Complexity (G) 
and Increased Grading (IG) were used as MAP variables. The constructed MAP in Figure 5.35 gives the 
following MAP:  
G = Difficult, IG = False and T = False. This instantiation/likelihood has a probability of P (MAP, e) = 
0.120 and P (MAP | e) = 0.300, respectively, given evidence e, CL = False. 
This indicates that when it is known that a grading applicant is not computer literate, there is a 30% 
likelihood that the grading applicant has not been trained (75%) and will find the grading application 







Figure 5.35: Computed MAP where Computer Literate (CL) = False, and using Trained (T), Grading Complexity 
(G) and Increased Grading (IG) as MAP variables 
5.5.5.3 MAP using Government Funding (GF) as evidence variable and Benefits (B), Grading Cost 
(GC) and Increased Grading (IG) as map variables 
The MAP in Figure 5.36 was constructed using evidence indicating that government funding is 
adequate (Government Funding = Adequate). In other words, the MAP was constructed given that it is 
100% known that government funding is adequate.  Benefits (B), Grading Cost (GC) and Increased 
Grading (IG) were used as MAP variables. The constructed MAP in Figure 5.36 gives the following MAP:  
B = Satisfactory, GC = Affordable and IG = True. This instantiation/likelihood has a probability of P 
(MAP, e) = 0.092 and P (MAP | e) = 0.231, respectively, given evidence e, GF = Adequate. 
This indicates that when it is known that government funding is adequate, there is a 23.1% likelihood 
that grading benefits will be satisfactory (60%), grading cost will be affordable (60%) and the number 






Figure 5.36: Computed MAP where Government Funding (GF) = Adequate, and using Benefits (B), Grading 
Complexity (G) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.37 was constructed using evidence indicating that government funding is not 
adequate (Government Funding = Not adequate). In other words, the MAP was constructed given that 
it is 100% known that government funding is not adequate. Benefits (B), Grading Cost (GC) and 
Increased Grading (IG) were used as MAP variables. The constructed MAP in Figure 5.37 gives the 
following MAP:  
B = Not satisfactory, GC = Expensive and IG = False. This instantiation/likelihood has a probability of P 
(MAP, e) = 0.141 and P (MAP | e) = 0.236, respectively, given evidence e, GF = Not adequate. 
This indicates that when it is known that government funding is not adequate, there is a 24% likelihood 
that grading benefits will not be satisfactory (60%), grading cost will be expensive (60%) and the 






Figure 5.37: Computed MAP where Government Funding (GF) = Not adequate, and using Benefits (B), 
Grading Complexity (G) and Increased Grading (IG) as MAP variables 
5.5.5.4 MAP using Government Funding (GF) and Trained (T) as evidence variables and Benefits (B), 
Grading Cost (GC), Grading Complexity (G) and Increased Grading (IG) as map variables 
The MAP in Figure 5.38 was constructed using evidence that government funding is not adequate 
(Government Funding = Not adequate) and training has been provided (Trained = True). In other 
words, the MAP was constructed given that it is 100% known that government funding is not adequate 
and that training has been provided to a grading applicant.  Benefits (B), Grading Complexity (G), 
Grading Cost (GC) and Increased Grading (IG) were used as MAP variables. The constructed MAP in 
Figure 5.38 gives the following MAP:  
B = Not satisfactory, G = Easy, GC = Expensive and IG = False. This instantiation/likelihood has a 
probability of P (MAP, e) = 0.021 and P (MAP | e) = 0.142, respectively, given evidence e, GF = Not 
adequate and T = True. 
This indicates that when it is known that government funding is adequate and that a grading applicant 
has been trained, there is a 141% likelihood that the grading benefits will not be satisfactory (60%), 
grading cost will be expensive (60%), the grading applicant will find the grading application process to 






Figure 5.38: Computed MAP where Government Funding (GF) = Not adequate and Trained (T) = True, and 
using Benefits (B), Grading Complexity (G), Grading Cost (GC) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.39 was constructed using evidence that government funding is adequate 
(Government Funding = Adequate) and training has not been provided (Trained = False). In other 
words, the MAP was constructed given that it is 100% known that government funding is adequate 
and that training was not provided to a grading applicant.  Benefits (B), Grading Complexity (G), 
Grading Cost (GC) and Increased Grading (IG) were used as MAP variables. The constructed MAP in 
Figure 5.39 gives the following MAP:  
B = Satisfactory, G = Difficult, GC = Affordable and IG = True. This instantiation/likelihood has a 
probability of P (MAP, e) = 0.041 and P (MAP | e) = 0.138, respectively, given evidence e, GF = Adequate 
and T = False. 
This indicates that when it is known that government funding is adequate and that a grading applicant 
has not been trained, there is a 13.8% likelihood that the grading benefits will be satisfactory (60%), 
grading cost will be affordable (60%), the grading applicant will find the grading application process to 






Figure 5.39:   Computed MAP where Government Funding (GF) = Adequate and Trained (T) = False, and using 
Benefits (B), Grading Complexity (G), Grading Cost (GC) and Increased Grading (IG) as MAP variables  
5.5.5.5 MAP using Benefits (B) and Grading Cost (GC) as evidence variables and Government 
Funding (GF) and Increased Grading (IG) as map variables 
The MAP in Figure 5.40 was constructed using evidence indicating that grading benefits are satisfactory 
(Benefits = Satisfactory) and cost of grading is expensive (Grading Cost = Expensive).In other words, 
the MAP was constructed given that it is 100% known that grading benefits are satisfactory and cost 
of grading is expensive.  Government Funding (GF) and Increased Grading (IG) were used as MAP 
variables. The constructed MAP in Figure 5.40 gives the following MAP:  
GF = Not adequate and IG = False. This instantiation/likelihood has a probability of P (MAP, e) = 0.08 
and P (MAP | e) = 0.34, respectively, given evidence e, B = Satisfactory and GC = Expensive. 
This indicates that when it is known that grading benefits are satisfactory and the cost of grading is 
expensive, there is a 34% likelihood that government funding is adequate and that the number of 






Figure 5.40: Computed MAP where Benefits (B) = Satisfactory and Grading Cost (GC) = Expensive, and using 
Government Funding (GF) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.41 was constructed using evidence indicating that grading benefits are not 
satisfactory (Benefits = Not satisfactory) and cost of grading is affordable (Grading Cost = Affordable). 
In other words, the MAP was constructed given that it is 100% known that grading benefits are not 
satisfactory and cost of grading is affordable.  Government Funding (GF) and Increased Grading (IG) 
were used as MAP variables. The constructed MAP in Figure 5.41 gives the following MAP:  
GF = Not adequate and IG = False. This instantiation/likelihood has a probability of P (MAP, e) = 0.080 
and P (MAP | e) = 0.339, respectively, given evidence e, B = Not satisfactory and GC = Affordable. 
This indicates that when it is known that grading benefits are not satisfactory and cost of grading is 
affordable, there is a 33.9% likelihood that government funding is not adequate (60%) and that the 






Figure 5.41: Computed MAP where Benefits (B) = Not satisfactory and Grading Cost (GC) = Affordable, and 
using Government Funding (GF) and Increased Grading (IG) as MAP variables 
The MAP in Figure 5.42 was constructed using evidence indicating that grading benefits are satisfactory 
(Benefits = Satisfactory) and cost of grading is affordable (Grading Cost = Affordable). In other words, 
the MAP was constructed given that it is 100% known that grading benefits are satisfactory and cost 
of grading is affordable. Government Funding (GF) and Increased Grading (IG) were used as MAP 
variables. The constructed MAP in Figure 5.42 gives the following MAP:  
GF = Adequate and IG = True. This instantiation/likelihood has a probability of P (MAP, e) = 0.091 and 
P (MAP | e) = 0.386, respectively, given evidence e, B = Satisfactory and GC = Affordable. 
This indicates that when it is known that grading benefits are satisfactory and the cost of grading is 
affordable, there is a 38.6% likelihood that government funding is adequate (60%) and that the number 






Figure 5.42: Computed MAP where Benefits (B) = Satisfactory and Grading Cost (GC) = Affordable, and using 
Government Funding (GF) and Increased Grading (IG) as MAP variables 
5.5.6 SENSITIVITY ANALYSIS 
Experiments were also conducted using the sensitivity analysis technique as part of this research study. 
The sensitivity analysis experiments were conducted using single as well as a combination of network 
variables as evidence variables. Sensitivity analysis is a technique which allows analysis of the 
relationships between Bayesian network model variables, as well as of the impact each variable value 
change has on other variables of the network model (Darwiche, 2009). Furthermore, this technique 
allows for effective indication of the degree to which a variable value needs to change in order to 
obtain the preferred results of other network variables. The sensitivity analysis experiment can only 
be performed on child variables (Darwiche, 2009). Therefore, for this research study, the sensitivity 
analysis experiments were conducted for variables Grading Complexity (G), Benefits (B), Grading Cost 
(GC) and Increased Grading (IG). 
5.5.6.1 Sensitivity analysis involving Grading Complexity (G) and Computer Literate (CL)   
The sensitivity analysis in Figure 5.43 was constructed to investigate the parameter changes necessary 
to guarantee that the probability of the grading application process being found easy is equal to 70% 
or more, given that the grading applicant is computer literate.  The experiment returned an 





for which the grading application process can be regarded as easy is 70% or below.  It is against this 
background that the 70% constraint was used for this experiment.  
Figure 5.43 indicates the following two possible changes, each of which is guaranteed to satisfy the 
constraint: 
1. If the probability that the grading applicant has been trained were about 100% instead of 25%, a 
change of 75% or more would be required. 
2. If the probability of the grading process being found difficult given that the grading applicant has 
not been trained and is computer literate were 30% or less instead of 60%, a change of 30% or more 
would be required. 
 
Figure 5.43: Constructed sensitivity analysis involving Grading Complexity (G) and Computer Literate (CL) 
5.5.6.2 Sensitivity analysis involving Grading Cost (GC) and Government Funding (GF)  
The sensitivity analysis in Figure 5.44 was constructed to investigate the parameter changes necessary 
to guarantee that the probability of the grading cost being found affordable is equal to 70% or more, 
given that government funding is adequate.  The experiment returned an unjustifiable result code for 
all constraints over 70%. This means that the maximum possible likelihood for which grading cost can 
be regarded as affordable is 70% or below. It is against this background that the 70% constraint was 
used for this experiment.  






1. If the probability that the grading cost is expensive were 23% instead of 60%, a change of 37% or 
more would be required. 
2. If the probability that government funding is not adequate were 23% instead of 60%, a change of 
37% or more would be required. 
 





5.5.6.3 Sensitivity analysis involving Increased Grading (IG), Grading Cost (GC) and Grading 
Complexity (G)  
The sensitivity analysis in Figure 5.45 was constructed to investigate the parameter changes necessary 
to guarantee that the probability of the number of graded tourism establishments increasing is equal 
to 70% or more, given that the grading cost is affordable and the grading process is found easy.   The 
prior marginal indicated that the maximum possible likelihood that the number of graded tourism 
establishments can increase is 70%. It is against this background that the 70% or more constraint was 
used for this experiment. Figure 5.45 portrays the following two possible changes, each of which is 
guaranteed to satisfy the constraint: 
1. If the probability that the number of graded tourism establishments will increase were 90% or more 
instead of 70%, given that the cost of grading is affordable and the grading application process is 
easy, a change of 20% or more would be required. 
2. If the probability that the number of graded tourism establishments will increase were 70% or more 
instead of 50%, given that the cost of grading is affordable, the grading application process is easy 
and benefits are not satisfactory, a change of 20% or more would be required. 
 
Figure 5.45: Constructed sensitivity analysis involving Increased Grading (IG), Grading Cost (GC) and Grading 





5.5.6.4 Sensitivity analysis involving Increased Grading (IG), Grading Cost (GC) and Benefits (B)   
The sensitivity analysis in Figure 5.46 was constructed to investigate the parameter changes necessary 
to guarantee that the probability of the number of graded establishments increasing is equal to 70% 
or more, given that the grading cost is affordable and that grading benefits are satisfactory. The prior 
marginal indicated that the maximum possible likelihood that the number of graded tourism 
establishments can increase is 70%. It is against this background that the 70% or more constraint was 
used for this experiment. Figure 5.46 indicates the following two possible changes, each of which is 
guaranteed to satisfy the constraint: 
1. If the probability that the number of graded tourism establishments will increase were 70% or more 
instead of 60%, given that the cost of grading is affordable and benefits are satisfactory, a change 
of 20% or more would be required. 
2. If the probability that the number of graded tourism establishments will increase were 82% or more 
instead of 70%, given that the cost of grading is affordable, the grading process is easy and benefits 
are satisfactory, a change of 12% or more would be required. 
 






5.5.6.5 Sensitivity analysis involving Increased Grading (IG), Grading Cost (GC), Benefits (B) and 
Grading Complexity (G) 
The sensitivity analysis in Figure 5.47 was constructed to investigate the single parameter changes 
necessary to guarantee that the probability of the number of graded establishments increasing is equal 
to 99% or more, given that grading cost is affordable, grading benefits are satisfactory and the grading 
process is easy. The prior marginal indicated that the maximum possible likelihood that the number of 
graded tourism establishments can increase is 70%. It is against this background that the 70% or more 
constraint was used for this experiment. Figure 5.47 shows the following one possible change, which 
is guaranteed to satisfy the constraint: 
If the probability that the number of graded tourism establishments will increase were 99% or more 
instead of 70%, given that grading cost is affordable, grading benefits are satisfactory and the grading 
process is easy, a change of 29% or more would be required. 
Figure 5.47: Constructed sensitivity analysis involving Increased Grading (IG), Grading Cost (GC), Benefits (B)  
and Grading Complexity (G) 
 
5.6 CHAPTER SUMMARY  
This chapter presented the constructed of the Bayesian model for increasing the number of graded 
tourism establishments.  The model was constructed using a total of six variables which were identified 





(CL), Government Funding (GF), Grading Complexity (G), Benefits (B) and Grading Cost (GC). Numerous 
experiments were conducted to investigate the degree of influence of each of the variables on the 
grading of tourism establishments, as well as the relationships between the six variables. The 
experiments were conducted using five Bayesian network techniques, namely posterior marginal, prior 
marginal, sensitivity analysis, maximum a posterior hypothesis and most probable explanation. The 
experiments were conducted using the Sensitivity Analysis, Modelling, Inference and More (SAMIAM) 
tool.  
The prior marginal results indicate that the current state of these variables will most likely result in a 
decrease in the number of graded tourism establishments.  There is a 46.5% likelihood that the number 
of graded tourism establishments will increase, whereas the likelihood that the number of graded 
tourism accommodation establishments will not increase is 54.65%. 
The posterior marginal proves that each of the six variables has an influence on the number of graded 
tourism establishments. The results indicate that a change in one of the identified variables leads to a 
change in the likelihood that the number of graded tourism establishments will increase or decrease. 
The posterior marginal further indicates that grading cost and grading benefits have the most influence 
on the grading of tourism establishments.  Computer literate has the least influence on the grading of 
tourism establishments of all six variables. 
The MPE and MAP results indicate 70% as the maximum likelihood at which the number of graded 
tourism establishments can be predicted to increase. This likelihood is achieved when the grading 
application is easy, grading benefits are satisfactory and the cost of grading is affordable. This increases 
the likelihood that the number of grading benefits will increase from 46.35% to 70%. 70% is also the 
maximum likelihood at which the number of graded tourism establishments can be predicted to 
decrease. This occurs when the grading application is difficult, grading benefits are not satisfactory and 
the cost of grading is expensive. This increases the likelihood that the number of graded establishments 






CHAPTER 6: DISCUSSION OF EXPERIMENTAL RESULTS 
 
6.1 INTRODUCTION   
In this chapter the different experimental results presented in chapter 5 are compared with the 
literature review findings presented in chapter 2. The discussion of the experimental results is guided 
by the research problem for this research study, which is that there is a low number of graded tourism 
establishments in South Africa. This low number contributes to the provision of sub-standard customer 
service and tourist experience, which in turn impacts negatively on South Africa’s international 
reputation as a preferred tourist destination, resulting in a decrease in international and domestic 
trips, as well as loss of foreign income. 
The discussion of the experimental results is also guided by the research objective for this research 
study, which was to construct a computational framework for increasing the number of graded tourism 
establishments. To achieve the research objective and to address the research problem, the following 
research questions were formulated: 
The following research questions were formulated in order to address the research problem: 
1. What are the variables influencing the grading of tourism establishments? 
2. What are the most important variables influencing the grading of tourism establishments? 
3. What is the relationship between tourism grading variables and the increase in the number 
of graded tourism establishments?  
6.2 RESEARCH QUESTION 1: VARIABLES INFLUENCING GRADING OF TOURISM 
ESTABLISHMENTS 
The literature review findings reveal six variables which have an influence on the grading of tourism 
establishments. They are cost of grading, grading benefits, simplicity/complexity of grading application 
process, training of grading applicants on the grading process, stringent grading process and 
government funding. The research results show a total of six variables that influence the number of 
graded tourism establishments. Five of the six variables identified are consistent with those identified 
in the literature review, namely cost of grading, grading benefits, simplicity/complexity of grading 
application process, government funding and training of prospective grading applicants. One new 
variable identified which also influences the grading of tourism establishments is the computer literacy 
level of prospective grading applicants.  
The posterior marginal experimental results presented in section 5.5.3 prove that each of the six 
variables identified has an influence on the grading of tourism establishments.  Table 6.1 shows 





change in the likelihood that the number of graded tourism establishments will increase or decrease. 
This is despite the other variables remaining unchanged. The change in the likelihood regarding 
whether the number of graded tourism establishments will increase or decrease is presented in the 
Change column. 
Table 6.1: Posterior marginal results: influence of each variable 
Variable Experiment 
 
Increased Grading (IG) 
(Before/Prior) 





T = True True = 46.35%      True = 48.60% +2.25% 
 
T = False False = 53.65%    False = 54.40% +0.75% 
Computer 
Literate (CL) 
CL = True True = 46.35% True = 46.75% +0.4% 
 





G  = Easy True = 46.35% True = 52.00% +5.65% 
 




GF = Adequate  True = 46.35% True = 49.95% + 3.6% 
 
GF = Not_Adequate False = 53.65% False = 56.05%  +2.4% 
Benefits (B) 
B = Satisfactory True = 46.35% True = 54.35% +8% 
 




GC = Affordable True = 46.35% True = 54.35% +8% 
 







6.3 RESEARCH QUESTION 2: MOST IMPORTANT VARIABLES INFLUENCING GRADING OF 
TOURISM ESTABLISHMENTS  
The literature review results indicate that the objective of the majority of research papers in the area 
of tourism grading was to identify the variables influencing the grading of tourism establishments. 
However, these studies did not attempt to determine the degree of influence of each identified 
variable on the grading of tourism establishments. Tanner (2003) found grading benefits, grading costs 
and government subsidies to have an influence on the grading of tourism establishments, but did not 
attempt to determine the degree of influence of these variables on the grading of tourism 
establishments. Similarly, Narangajavana and Hu (2017) found grading benefits and grading costs to 
have an influence on the grading of tourism establishments, but did not attempt to determine the 
degree of influence of each variable on the grading of tourism establishments.  The research study 
conducted by the TGCSA (2017) showed that non-graded tourism establishments gave grading 
benefits, cost of grading and complexity of the grading application process as the three top reasons 
for not renewing their grading membership. Although these findings could be considered to reflect the 
degree to which the variable influences tourism grading, they do not factor in the results of graded 
tourism establishments or other key variables such as training, computer literacy and government 
funding.  
Therefore, this research study is among the first to attempt to determine and understand the influence 
of each identified variable on the grading of establishments. Numerous experiments were conducted 
to understand the degree of impact of each identified variable on the grading of tourism 
establishments.  
The posterior marginal experimental results indicate that grading cost and grading benefits have the 
most influence on the grading of tourism establishments. When grading cost is found to be affordable 
by all grading applicants, it results in an 8% increase, from 46.35% to 61.03%, in the likelihood that the 
number of graded tourism establishments will increase. However, when grading is found to be 
expensive by all grading applicants, it results in a 6.38% increase, from 54.65% to 61.03%, in the 
likelihood that the number of graded tourism establishments will decrease. The results indicate the 
importance of grading cost in the grading of tourism establishments.  The change of 8% and 6.38% in 
the likelihood whether the number of graded establishments will increase or decrease is the largest 
caused by a single variable change.    
The posterior marginal experimental results further show that grading benefits have the same 
influence on the grading of tourism establishments as grading costs. This means that grading benefits 
and grading costs are the two variables with the most influence on the grading of tourism 





costs and grading benefits were the dominant variables identified as having an influence on grading. 
This is despite previous studies not clearly indicating the degree of influence of each variable on 
grading.  
The posterior marginal results show that when grading benefits are found to be satisfactory by all 
grading applicants, it results in an 8% increase, from 46.35% to 61.03%, in the likelihood that the 
number of graded tourism establishments will increase. However, when grading benefits are found to 
be not satisfactory by all grading applicants, it results in a 6.38% increase, from 54.65% to 61.03%, in 
the likelihood that the number of graded tourism establishments will decrease. The results indicate 
the importance of grading benefits on the grading of tourism establishments.  The change of 8% and 
6.38% in the likelihood whether the number of graded establishments will increase or decrease is the 
largest caused by a single variable change.    
The posterior marginal experimental results indicate that the complexity of the grading application 
process is the second most influential variable in the grading of tourism establishments. When the 
grading application process is found to be easy by all grading applicants, it results in a 5.65% increase, 
from 46.35% to 52%, in the likelihood that the number of graded tourism establishments will increase. 
However, when the grading application process is found to be difficult by all grading applicants, it 
results in a 4.35% increase, from 53.65% to 58%, in the likelihood that the number of graded tourism 
establishments will decrease. The results indicate the importance of the grading application complexity 
level in the grading of tourism establishments.  The change of 5.65% and 4.35% in the likelihood 
whether graded establishments will increase or decrease is the second largest caused by a single 
variable change.  
There are no past research papers which could be identified which attempted to determine the degree 
of influence of government funding on grading tourism establishments. Therefore, the posterior 
marginal experimental results conducted for government funding could not be compared to any other 
results of past research studies. The posterior marginal experimental results in this study indicate that 
government funding is the third most influential variable in the grading of tourism establishments. 
When the government funding is adequate, it results in a 3.6% increase, from 46.35% to 49.5%, in the 
likelihood that the number of graded tourism establishments will increase. However, when 
government funding is not adequate, it results in a 4.35% increase, from 53.65% to 58%, in the 
likelihood that the number of graded tourism establishments will decrease. This is the most influential 
variable of the support variables of the model. The support variables of the model are variables which 
have an indirect impact on the number of graded tourism establishments, but a direct impact on those 
variables which themselves have a direct impact on the number of graded tourism establishments. In 





Trained (T). Despite government funding having an indirect impact on the number of graded tourism 
establishments, when it is adequate, the likelihood that the number of graded tourism establishments 
will increase rises to 49.95%. This indicates that government funding is an important variable with 
significance influence on increasing the number of graded tourism establishments. This can be 
attributed to the fact that government funding has a direct impact on both grading costs and grading 
benefits, which themselves have been proved to have the most influential direct impact on the number 
of graded tourism establishments.  
Similarly, no past research papers could be found which attempted to determine the degree of 
influence of computer literacy and training of prospective grading applicants on the grading of tourism 
establishments. Training of prospective applicants and computer literacy are two support variables 
with a direct influence on the complexity level of the grading application process, and an indirect 
influence on the number of graded tourism establishments. The posterior marginal results indicate 
that training of grading applicants has the second least influence on the grading of tourism 
establishments, and computer literacy has the least influence.   
The results show that when a grading applicant is trained, it results in a 2.25% increase, from 46.35% 
to 48.60%, in the likelihood that the number of graded tourism establishments will increase. However, 
when a grading applicant has not been trained, it results in a 0.75% increase, from 53.65% to 54.40%, 
in the likelihood that the number of graded tourism establishments will decrease. The change of 2.25% 
and 0.75% in the likelihood whether the number of graded establishments will increase or decrease is 
the second least caused by a single variable change.  
The results further show that when a grading applicant is found to be computer literate, it results in a 
0.4% increase, from 46.35% to 46.75%, in the likelihood that the number of graded tourism 
establishments will increase. However, when a grading applicant is found to be not computer literate, 
it results in a 1.1% increase, from 53.65% to 54.75%, in the likelihood that the number of graded 
tourism establishments will decrease. The change of 2.25% and 0.75% in the likelihood whether the 
number of graded establishments will increase or decrease is the second least caused by a single 
variable change.  
In conclusion, these variables indicate that grading cost and grading benefits are the most important 
variables determining whether owners and managers of tourism establishments will decide to grade 





6.4 RESEARCH QUESTION 3: RELATIONSHIP BETWEEN TOURISM GRADING VARIABLES AND 
INCREASE IN NUMBER OF GRADED TOURISM ESTABLISHMENTS 
The relationship between variables identified as having an influence on the grading of tourism 
establishments provides insight into whether or not the variables influence each other, as well as the 
degree of influence of the variables on each other. This assists in determining the extent of change 
that is needed in one variable or a combination of variables to achieve a specific outcome in another. 
Furthermore, it also assists in determining which of the variables will be affected by a change in a 
specific variable or combination of variables. This understanding is critical for grading professionals to 
make informed decisions about which grading initiatives and programmes to embark on, and the 
mostly likely impact that the initiatives or programmes will have on each of the identified variables 
and ultimately the number of graded tourism establishments.   
No past research papers could be identified which attempted to investigate and determine the 
relationship between variables influencing the grading of tourism establishments. Therefore, the 
results for all experiments conducted in this research study to investigate and understand the 
relationship between the identified variables could not be compared to any other results of past 
research studies. 
Consequently, this research study is among the first to attempt to investigate and understand the 
relationship between variables influencing the grading of tourism establishments. To understand this 
relationship, numerous experiments were conducted using Bayesian network methods, namely 
posterior marginal, MPE, MAP and sensitivity analysis.   
6.4.1 RELATIONSHIP BETWEEN TRAINED (T) AND OTHER VARIABLES INFLUENCING TOURISM 
GRADING 
Posterior marginal experimental results indicate that Trained (T) has a direct influence on Grading 
Complexity (G) and an indirect influence on Increased Grading (IG).  This means that initiatives and 
programmes aimed at training grading applicants will directly impact on whether these applicants find 
the grading process easy or difficult, and this in turn will indirectly impact on the number of graded 
tourism establishments.   
The results for posterior marginal show that when the value of Trained (T) is changed to show that it 
is 100% known that training has been provided to a grading applicant (Training = True), it changes the 
likelihood that a grading applicant will find the grading application process easy, from 43.50% to 66%, 
translating to a change of 22.5%. Additionally, the likelihood that a grading applicant will find the 
grading process difficult changes from 56.50% to 34%, translating to a 22.5% change. Furthermore, the 
likelihood that the number of graded establishments will increase rises from 46.35% to 48.60%, 





increase decreases from 53.65% to 51.40%, translating to a 2.25% change.  However, the posterior 
marginal results indicate that Trained (T) does not have a direct or indirect influence on Computer 
Literate (CL), Government Funding (GF), Benefits (B) and Grading Cost (GC).  This is evident in that 
when Training (T) changed, the values for Computer Literate (CL), Government Funding (GF), Benefits 
(B) and Grading Cost (GC) did not change. 
The results of the MPE further prove that Training (T) does have an influence on Grading Complexity 
(G) and Increased Grading (IG), but does not have an influence on any other tourism grading variables. 
Two MPE experiments were conducted using Trained (T). The first used a combination of Trained (T) 
and Government Funding (GF), and the other used a combination of Trained (T), Computer Literate 
(CL) and Government Funding (GF).  The MPE experimental results for the combination of Trained (T) 
and Government Funding (GF) show a change in Grading Complexity (G), Benefits (B) and Government 
Funding (GF).  However, the results indicate that Trained (T) did not have an influence on Benefits (B) 
and Grading Cost (GC). When these MPE results are compared with the results for posterior marginals 
computed for Government Funding (GF) in section 5.5.3.3, it can be seen that the change in Benefits 
(B) and Grading Cost (GC) is identical. However, the MPE results indicate that a favourable change in 
both Trained (T) and Government Funding (GF) will contribute more positively towards tourism grading 
as opposed to when there is a favourable change in only one of the two variables. This is evident in 
that when training has been provided and government funding is adequate, this results in a better 
likelihood that the number of graded establishments will increase. 
The MAP experimental results show that the grading application process is most likely to be found 
easier by grading applicants who have been trained and who are computer literate. The likelihood that 
the grading application will be found easy increases by 26.5%, from 43.5 to 70%. 
6.4.2 RELATIONSHIP BETWEEN COMPUTER LITERATE (CL) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
The posterior marginal results indicate that Computer Literate (CL) has an influence on both Grading 
Complexity (G) and Increased Grading (IG).  This means that initiatives and programmes aimed at 
increasing the computer literacy of prospective grading applicants will directly impact on whether the 
grading applicants find the grading process easy or difficult, and this will in turn indirectly impact on 
the number of graded tourism establishments.   
Computer Literate (CL) and Trained (T) both have a direct impact on whether grading applicants will 
find the grading application process difficult or easy.  This means that the complexity level of the 
grading application process is determined by whether a grading applicant has been trained and 
whether they are computer literate or not.  The posterior marginal results further show that when a 





establishments remain unchanged, it will slightly increase the likelihood that the grading applicant will 
find the process easy. However, the percentages are very close: 52.50% would be likely to find the 
grading application process difficult and 47.50% would be likely to find it easy. This means that only 
ensuring that grading applicants are computer literate will not result in them finding the grading 
application process easy.  This is contrary to the posterior marginal results for Trained (T), which 
indicate that only training grading applicants would result in these applicants most likely finding the 
grading application process easy (66%). Therefore, although the computer literacy level of grading 
applicants is an important factor in the grading of tourism establishments, it is not significant enough 
to result in either an increase or decrease in the number of graded tourism establishments by itself. 
This means that it depends on the state of other factors to influence whether the number of graded 
tourism establishments will increase or not. 
Moreover, the posterior marginal results indicate that Trained (T) does not have a direct or indirect 
influence on Computer Literate (CL), Government Funding (GF), Benefits (B) and Grading Cost (GC).  
This is evident in that when Training (T) changed, the values for Computer Literate (CL), Government 
Funding (GF), Benefits (B) and Grading Cost (GC) did not change. 
The results for MPE further prove that Computer Literate (CL) does influence Grading Complexity (G) 
and Increased Grading (IG), but does not influence any other tourism grading variables. Two MPE 
experiments were conducted using Computer Literate (CL). The first used a combination of Computer 
Literate (CL) and Government Funding (GF), and the other used a combination of Trained (T), Computer 
Literate (CL) and Government Funding (GF).  The MPE experimental results for the combination of 
Computer Literate (CL) and Government Funding (GF) show a change in Grading Complexity (G), 
Benefits (B) and Government Funding (GF).  However, the results indicate that Computer Literate (CL) 
did not influence Benefits (B) and Grading Cost (GC). When these MPE results are compared with the 
results for posterior marginals computed for Government Funding (GF) in section 5.5.3.3, it indicates 
that the change in Benefits (B) and Grading Cost (GC) is identical. However, the MPE results indicate 
that a favourable change in both Computer Literate (CL) and Government Funding (GF) will contribute 
more positively towards tourism grading than when there is a favourable change in only one of the 
two variables. This is evident in that when a grading applicant is computer literate and government 
funding is adequate, this results in a better likelihood that the number of graded tourism 
establishments will increase.  
The MAP experimental results show that the grading application process is most likely to be found 
easier by grading applicants who have been trained and who are computer literate. The likelihood that 





6.4.3 RELATIONSHIP BETWEEN GOVERNMENT FUNDING (GF) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
The computed posterior marginals indicate that Government Funding (GF) has a direct influence on 
Benefits (B) and Grading Cost (GC) and an indirect influence on the number of graded tourism 
establishments (IG). When government funding is known to be adequate, it increases the likelihood 
that grading cost will be affordable, from 48% to 60%, translating to a change of 12%. Additionally, the 
likelihood that grading cost will be expensive decreases from 52% to 40%, translating to a 12% change. 
Moreover, the likelihood that grading benefits will be satisfactory increases from 48% to 60%, 
translating to a change of 12%. This means that additional government funding will have a direct 
impact on grading benefits and cost of grading. The computed posterior marginals further prove that 
Government Funding (GF) does not influence Computer Literate (CL), Trained (T) and Grading 
Complexity (G). This is evident in that when there is a change in Government Funding (GF), the 
probabilities for Computer Literate (CL), Trained (T) and Grading Complexity (G) do not change.  
The MPE results indicate that a favourable change in Computer Literate (CL), Trained (T) and 
Government Funding (GF) will contribute more positively towards tourism grading than when there is 
a favourable change in only one of the three variables. This is evident in that when government funding 
is adequate and the grading applicant is computer literate and has been trained, the likelihood that 
the number of graded establishments will increase rises by 6.25%, from 46.35% to 52.6%. This is better 
than the change produced by a favourable change in only Government Funding (GF), which increases 
the likelihood from 46.35% to 49.95% that the number of graded establishments will increase, 
translating to a positive change of 3.6%.   
The MAP experimental results show that when government funding is adequate, it influences the 
likelihood that grading cost will be affordable from 40% to 60% and that grading benefits will be 
satisfactory from 40% to 60%.  
6.4.4 RELATIONSHIP BETWEEN GRADING COMPLEXITY (G) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
Grading Complexity (G) is a parent node to Increased Grading (IG) and a child node to both Training (T) 
and Computer Literate (CL).  This means that Training (T) and Computer Literate (CL) have a direct 
impact on the degree to which grading applicants will find the grading application process easy or 
difficult, which in turn has a direct impact on whether the number of graded tourism establishments 
will increase or not. This relationship is confirmed by the posterior marginal results for Grading 
Complexity (G). The results show that when the likelihood that grading complexity will be found easy 
changes from 43.50% to 100%, the likelihood that the number of graded establishments will increase 
rises from 46.35% to 52%, translating to a change of 5.65%. The likelihood that the number of graded 





The MPE results indicate that a favourable change in Grading Complexity (G), Benefits (B) and Grading 
Cost (GC) will contribute more positively towards tourism grading than when there is a favourable 
change in only one of the three variables. This is evident in that when the grading application process 
is found to be easy, grading benefits are satisfactory and cost of grading is affordable, the likelihood 
that the number of graded tourism establishments will increase rises by 23.65%, from 46.35% to 70%. 
This is better than the change produced by a favourable change in only Grading Complexity (Grading 
Complexity = Easy), which increases the likelihood from 46.35% to 52% that the number of graded 
establishments will increase, translating to a positive change of 5.65%.   
The MAP experimental results show that Grading Complexity (G) does not influence Government 
Funding (GF), Benefits (B) and Grading Cost (GC). This is evident in that when the likelihood that grading 
complexity is found to be easy changed from 43.50% to 100%, probabilities for Government Funding 
(GF), Benefits (B) and Grading Cost (GC) did not change.  
6.4.5 RELATIONSHIP BETWEEN BENEFITS (B) AND OTHER VARIABLES INFLUENCING TOURISM 
GRADING 
Benefits (B) is a parent node to Increased Grading (IG) and a child node to Government Funding (GF). 
This means that Government Funding (GF) has a direct impact on Benefits (B), which in turn have a 
direct impact on whether the number of graded tourism establishments will increase or not. This 
relationship is confirmed by the posterior marginal results conducted for Benefits (B). The results show 
that Benefits (B) influence three variables of the model, namely Government Funding (GF), Grading 
Cost (GC) and Increased Grading (IG). This is evident in that when grading benefits are known to be 
satisfactory, it increases the likelihood from 46.35% to 54.35% that the number of graded 
establishments will increase, translating to a change of 8%. The likelihood that the number of graded 
establishments will not increase is decreased from 53.65% to 45.65%, translating to a change of 8%.  
The MPE results indicate that a favourable change in Grading Complexity (G), Benefits (B) and Grading 
Cost (GC) will contribute more positively towards tourism grading than when there is a favourable 
change in only one of the three variables. This is evident in that when grading application is found to 
be easy, grading benefits are satisfactory and cost of grading is affordable, the likelihood that the 
number of graded tourism establishments will increase rises by 23.65%, from 46.35% to 70%. This is 
better than the change produced by a favourable change in Benefits only (Benefits = Satisfactory), 
which increases the likelihood from 46.35% to 54.35% that the number of graded establishments will 
increase, translating to a positive change of 8%.   
The MAP experimental results show that Benefits (B) do not influence Grading Complexity (G), Trained 





satisfactory changed from 48.00% to 100%, probabilities for Government Funding (GF), Benefits (B) 
and Grading Cost (GC) did not change.  
6.4.6 RELATIONSHIP BETWEEN GRADING COST (GC) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
Grading Cost (GC) is a parent node to Increased Grading (IG) and a child node to Government Funding 
(GF). This means that Government Funding (GF) has a direct impact on Grading Cost (GC), which in turn 
has a direct impact on whether the number of graded tourism establishments will increase or not. This 
relationship is confirmed by the posterior marginal results for Grading Cost (GC). The results show that 
Grading Cost (GC) has an influence on three variables of the model, namely Government Funding (GF), 
Benefits (B) and Increased Grading (IG). This is evident in that when cost of grading is known to be 
affordable, the likelihood that the number of graded establishments will increase rises from 46.35% to 
54.35%, translating to a change of 8%. The likelihood that the number of graded establishments will 
not increase decreases from 53.65% to 45.65%, translating to a change of 8%.  
The MPE results indicate that a favourable change in Grading Complexity (G), Benefits (B) and Grading 
Cost (GC) will contribute more positively towards tourism grading than when there is a favourable 
change in only one of the three variables. This is evident in that when the grading application process 
is found to be easy, grading benefits are satisfactory and cost of grading is affordable, the likelihood 
that the number of graded tourism establishments will increase rises by 23.65%, from 46.35% to 70%. 
This is better than the change produced by a favourable change in only grading cost (Grading Cost = 
Affordable), which increases the likelihood that the number of graded establishments will increase 
from 46.35% to 54.35%, translating to a positive change of 8%.   
The MAP experimental results show that Grading Cost (GC) does not have an influence on Grading 
Complexity (G), Trained (T) and Computer Literate (CL). This is evident in that when the likelihood that 
grading cost is affordable changed from 48.00% to 100% (Grading Cost = Affordable), probabilities for 
Grading Complexity (G), Trained (T) and Computer Literate (CL) did not change.   
6.4.7 RELATIONSHIP BETWEEN INCREASED GRADING (IG) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
Increased Grading (IG) is a query variable indicating whether the number of graded tourism 
establishments will increase or decrease.  A total of six variables have an influence on Increased 
Grading (IG), namely Trained (T), Computer Literate (CL), Government Funding (GF), Grading 
Complexity (G), Benefits (B) and Grading Cost (GC). The prior marginal results indicate that the current 
state of these variables will most likely result in a decrease in the number of graded tourism 
establishments.  This is because the computed prior marginals indicate that there is a 46.5% likelihood 
that the number of graded tourism establishments will increase and a 53.65% likelihood that the 





annual plan for 2017, which indicates that the number of graded tourism establishments decreased in 
2017.  
Trained (T), Computer Literate (CL) and Government Funding (GF) are indirect variables to Increased 
Grading (IG). This means these variables do not have a direct influence on the number of graded 
tourism establishments. This is evident in the posterior marginal results computed showing a non-
concurrent change for each of the variables. The posterior marginal results indicate a lower change in 
the likelihood that the number of graded tourism establishments will increase or not, compared to the 
change caused by Grading Complexity (G), Benefits (B) and Grading Cost (GC), which have a direct 
influence on Increased Grading (IG).  The posterior marginal results also indicate that the least change 
caused by a change in a single variable is that of Computer Literate (CL). The results show that when a 
grading applicant is computer literate (Computer Literate = True), the change in Increased Grading (IG) 
is 1.1%. When a grading applicant is not computer literate (Computer Literate = False), that change is 
0.4%. This is a minor change compared to the change caused by a change in grading cost. This is evident 
in that when cost of grading is known to be affordable, the likelihood that the number of graded 
establishments will increase rises from 46.35% to 54.35%, translating to a change of 8%. The likelihood 
that the number of grading establishments will not increase decreases from 53.65% to 45.65%, 
translating to a change of 8%. The 8% change is the largest caused by a single variable change. A change 
in Benefits (B) also causes a change of 8% in Increased Grading (IG). This means that Grading Cost (GC) 
and Benefits (B) are the two most important variables in grading. 
 The MPE and MAP results indicate that 70% is the maximum likelihood at which the number of graded 
tourism establishments can be predicted to increase. This likelihood is achieved when the grading 
application process is found to be easy, grading benefits are satisfactory and cost of grading is 
affordable. This increases the likelihood from 46.35% to 70%, i.e. by 23.65%, that the number of graded 
tourism establishments will increase. 70% is also the maximum likelihood at which the number of 
graded tourism establishments can be predicted to decrease. This occurs when the grading application 
process is found to be difficult, grading benefits are not satisfactory and cost of grading is expensive. 
This increases the likelihood from 53.65 to 70%, i.e. by 16.65%, that the number of graded tourism 










CHAPTER 7: CONCLUSION 
 
7.1 INTRODUCTION 
Tourism grading assists tourism establishments to provide quality service and value for money, as well 
as to gain competitive advantage over competitors (Du Plessis & Saayman, 2010). Furthermore, graded 
tourism establishments are likely to experience improved sales, occupancy rates, as well as increased 
revenue (Narangajavana & Hu, 2017). Despite the benefits provided by tourism grading, the number 
of accommodation establishments graded by the TGCSA remains low, with approximately 16% of 
known tourism establishments graded (TGCSA, 2017). 
The goal of this research study was to identify variables which influence the grading of tourism 
establishments, and then to utilise them to construct a computational intelligence framework for 
increasing the number of graded accommodation establishments.  
The purpose of this chapter is to establish whether the objective for this study was achieved. This 
analysis is guided through the following exercise: 
1. Revisiting the research objective and questions specified in Chapter 1; 
2. Summarising the most significant findings for this study in relation to the research objective; 
3. Highlighting the limitations for this research study; and 
4. Providing suggestions for future research studies. 
7.2 RESEARCH OBJECTIVES 
Primary and secondary objectives were formulated to achieve the objectives of this study.  The primary 
objective of this study was to construct a computational intelligence framework for increasing the 
number of graded accommodation establishments.   
The sub-objectives of this research study were as follows: 
1. To identify variables that influence the grading of tourism establishments; 
2. To determine the most important variables that influence the grading of tourism 
establishments; 
3. To determine the relationship between tourism grading variables and the increase in the 
number of graded tourism accommodation establishments; and 
4. To utilise identified variables to construct a computational intelligence framework for 
increasing the number of graded accommodation establishments. 





1. To provide tourism grading practitioners at SAT, TGCSA and the South African Department of 
Tourism with a computational framework for increasing the number of graded establishments 
in South Africa; 
2. To provide tourism grading practitioners with information on factors influencing grading, as 
well as their importance, which will support informed decisions on initiatives and programmes 
to increase the number of graded tourism establishments. 
A summary of the findings relating to each of the research objectives is provided in the next section.  
7.3 SUMMARY OF RESEARCH FINDINGS 
To achieve the objectives of this research study, the following research questions were formulated: 
RQ 1: What are the variables influencing the grading of tourism establishments? 
      RQ 2: What are the most important variables influencing the grading of tourism establishments? 
      RQ3: What is the relationship between tourism grading variables and the increase in the number 
of graded tourism accommodation establishments?  
7.3.1 VARIABLES INFLUENCING GRADING OF TOURISM ESTABLISHMENTS 
Research question 1 aimed to identify variables that influence the grading of tourism establishments.  
Once identified, the variables could then be used to construct a computational intelligence framework 
for increasing the number of graded accommodation establishments. The variables were identified 
through a literature study discussed in chapter 2, as well as through a primary data collection exercise 
conducted among tourism establishment owners and managers. The identified variables were 
validated by three TGCSA practitioners.  
 A total of six variables were found to influence the grading of tourism establishments, namely cost of 
grading, grading benefits, simplicity/complexity of grading application process, training of prospective 
grading applicants, computer literacy level and government funding. The influence of each of the six 
variables was proved through numerous experiments, namely posterior marginal, MPE and MAP. 
The study found that tourism establishment owners who did not regard the grading benefits to be 
satisfactory were likely to not grade their establishments. However, those owners who regarded the 
grading benefits to be satisfactory were likely to grade their establishments.  The study also found that 
grading cost was an obstacle in the grading of tourism establishments.  This was evident in that tourism 
establishments that did not consider the cost of grading to be affordable were likely to not grade their 
establishments, or to cancel their current membership.  The study also found that benefits and cost of 
grading are influenced by government funding, which plays a key role in the provision of financial and 





grading benefits need to be improved and grading cost needs to be made affordable, particularly for 
small, medium and micro enterprises. This may be in the form of subsidies, which will require 
additional government funding.  
The study further found that the degree to which grading applicants found the grading application 
process difficult or easy plays a role in the number of graded tourism establishments. A grading 
applicant who struggles to complete a grading application form will likely abandon the grading process, 
thereby negatively impacting on the number of graded tourism establishments. The grading 
application process also includes understanding what components of the tourism establishments will 
be assessed for a particular grading level. The study found that training of applicants and their level of 
computer literacy has a direct influence on whether they will find the grading application process easy 
or difficult.  Therefore, training initiatives need to be implemented in an effort to increase the number 
of graded tourism establishments. 
The six identified variables were then used to construct a computational intelligence framework for 
increasing the number of graded accommodation establishments, illustrated in Figure 7.1. 
 
Figure 7.1: Computational intelligence framework for increasing number of graded accommodation 
establishments 
7.3.2 MOST IMPORTANT VARIABLES INFLUENCING GRADING OF TOURISM ESTABLISHMENTS 
Research question 2 aimed to determine the importance of each variable in increasing the number of 





The study found that cost of grading and grading benefits are the most important variables in 
increasing the number of graded tourism establishments. The MPE experiments indicate that these 
variables have the identical influence on the grading of tourism establishments.  This may be because 
the two variables are considered operational by tourism establishments. A tourism establishment 
owner who is making a loss despite being graded will most likely find the grading benefits to not be 
satisfactory, and opt to terminate their grading membership. Similarly, an owner who is struggling 
financially will most likely not use their funds for grading, but rather for operational costs. Therefore, 
the two components that need to be prioritised for increasing the number of graded tourism 
establishments are grading benefits and grading cost. This may be in the form of subsidies, which will 
require additional government funding. The study found that government funding is the fourth most 
important variable after grading benefits, grading cost and grading complexity.  
The results further highlight that the complexity of the grading application process is the third 
important factor in the grading of tourism establishments. The degree of complexity is influenced by 
both training of the grading applicant on the grading process, as well as computer literacy of the 
grading applicant. However, the results indicate that the training of grading applicants has more 
influence on the grading complexity level than the computer literacy level of the grading applicants. 
Therefore, initiatives and programmes for training prospective grading applicants on the grading 
application process need to be prioritised more than those aimed at improving the computer literacy 
skills of prospective grading applicants. Training grading applicants on the grading process is the fifth 
important variable in increasing the number of graded tourism establishments.  
The study found that computer literacy is the least influential variable in increasing the number of 
tourism establishments. The six variables are listed below in order of importance, with 1 being the 
highest ranked and 5 the lowest ranked: 
1. (i) Cost of grading; and  
(ii) grading benefits;  
2. Simplicity/complexity of grading application process; 
3. Government funding; 
4. Training of prospective grading applicants; 
5.  Computer literacy level  
7.3.3 RELATIONSHIP BETWEEN COMPUTER LITERATE (CL) AND OTHER VARIABLES INFLUENCING 
TOURISM GRADING 
A total of six variables have an influence on Increased Grading (IG), namely Trained (T), Computer 
Literate (CL), Government Funding (GF), Grading Complexity (G), Benefits (B) and Grading Cost (GC). 





number of graded tourism establishments. This likelihood is corroborated by the TGCSA annual plan 
for 2017, which indicates that the number of graded tourism establishments decreased in 2017. This 
means that initiatives and programmes need to be implemented to convert these variables into a 
favourable state, in order to increase the number of graded tourism establishments.    
The research study further indicates that training of grading applicants, computer literacy of grading 
applicants, as well as government funding have an indirect influence on the number of graded tourism 
establishments. The complexity of the grading application process, grading benefits and grading cost 
have a direct impact on the number of graded tourism establishments. The results indicate that 
ensuring that grading cost is affordable, grading benefits are satisfactory and grading application is 
easy will result in the maximum likelihood that the number of tourism establishments will increase. 
This means that grading practitioners need to work towards ensuring that this is achieved in order to 
have a rapid and guaranteed increase in the number of graded tourism establishments.  The results 
show that the number of graded tourism establishments is mostly likely to decrease when grading cost 
is expensive, grading benefits are not satisfactory and grading application is difficult. 
7.4 RESEARCH LIMITATIONS 
The outcomes of this research study contribute to the field of study and provide numerous outputs 
which are valuable for future research. However, the following limitations of this research study need 
to be considered: 
1.  The results of the study may prove to be difficult to generalise as the scope of this study was 
aimed at tourism establishments in the Free State. Therefore, a study conducted in a different 
province may yield different results. 
2. Performance data such as profitability and occupancy rate of tourism establishments could not 
be collected. As a result, the computational framework developed could not incorporate 
information on these aspects. 
3. The study collected only quantitative data as part of investigating and developing the 
computational framework.  Qualitative data was not collected. As a result, reasons for the 
perception of tourism establishments regarding the identified variables could not be captured, 
for example the reasons why tourism establishments perceived grading to be expensive or 
affordable or benefits to be satisfactory or not. 
7.5 FUTURE RESEARCH 
There is limited academic research on tourism grading. Similarly, the research literature on the 





research study were comprehensive, there is still more that can be researched on tourism grading. In 
light of this, the following research studies are recommended: 
1. The effectiveness of the computational framework developed in this research study can be 
tested. The framework can be tested in partnership with grading practitioners where various 
initiatives are implemented in line with the variables identified as having an influence on 
grading.  
2. A study can be conducted to develop numerous tourism grading frameworks using AI methods 
such as support vector networks, multi-layer perceptron and ANN. The performance of these 
frameworks can then be compared with the framework developed in this research study using 
Bayesian networks.  
3. A study could be conducted to investigate and identify variables influencing tourism grading in 
all nine provinces of South Africa. The results of the proposed study can then be compared with 
the results of this research study, which was conducted using tourism establishments from the 
Free State. 
4. The relationship between profitability and occupancy rate of tourism establishments, and the 
likelihood of grading could be investigated.  
5. Lastly, a study using both quantitative and qualitative methods could be conducted, in an effort 
to gain more insight into the identified variables. This results of this study would provide detailed 
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ANNEXURE A: QUESTIONNAIRE 
 
 
SURVEY QUESTIONAIRE:  
Thank you so much for your willingness to participate in this research study. 
My name is Tshepo Mothoagae, I am currently studying towards Master of Commerce (Mcom) in 
Information Technology Management at the University of Johannesburg.  
The aim of this research study is to construct A Computational Intelligence framework for increasing 
the number of graded tourism accommodation establishments 
You have been identified as a relavant participant to this research study because you are the owner or 
manager of a tourism establishment. 
Participation in this research study is anonymous and voluntary. A Partcipant is also allowed to 
withdraw their participation in this research study at anytime without an obligation to explain 
him/herself, or any penaties.  
Consent Section: 
            I consent that I am voluntarily participating in this research study, and agree that my   responses 
can only be used for the purpose of this research study. 
 
For any quieries or concerns regarding the questionaire, kindly contact: 
 
Mr Tshepo Mothoagae 
Mcom (IT Management) candidate 
Telephone: 078 087 5303 
Email: Tmothoagae1234@gmail.com  
NB: The information provided by participants of this research study is anonymous and is not 







SECTION A: ESTABLISHMENT PROFILE 
This section asks general questions regarding this establishment’s profile. 
1A. Type of this Accommodation Establishment: 
Hotel   1 
Country House  2 
Guest House  3 
Bed and Breakfast  4 
Backpackers and Hostels  5 
Caraven and Camping  6 
Lodge  7 
Self Catering   8 
Game Lodge  9 
Not Accomodation Establishment  10 
2A. Please specify your designation within this Accommodation Establishment: 
Owner  1 
Manager  2 




3A. I have am comfortable with using a computer: 
True  1 
False  2 
3A. Please specify the following in terms of ths establishment capacity: 
Number of rooms  
Capacity (Maximum number of people the establishment can 
accommodate per night) 
 
4A. This Accommodation Establishment is located at a / an: 
Urban Area (City)  1 
Urban Area (Small Town)  2 
Rural Area   3 
Township  4 
Other, please specify 
 
 5 
5A. This Accommodation Establishment has been operating for: 
5 years or less   1 
6-10 years  2 
11-15 years  3 
16-20 years  4 







SECTION B: GRADING POSITION OF THIS ACCOMODATION ESTABLISHMENT  
This section asks questions about this Accomodation Establishment’s grading position. 
1B.  I know about the Tourism Grading Council of South Africa (TGCSA): 
Yes  1 
No   2 
(if answer on question 1B is yes, continue) 
(If answer on question 1B is no, skip to question 2B)  
2B.  I understand the work that TGCSA does: 
Yes  1 
No  2 
3B. How best would you describe the benefits provided by TGCSA: 
Satisfactory  1 
Not Satisfactory  2 
4B. How would you describe the cost Establishments being graded by TGCSA? 
Affordable  1 
Expensive  2 
5B. I have been trained on TGCSA grading application process (Workshops/ Roadshow/ Personal 
Training): 
True  1 
False  2 
6B. The process of grading of establsihments by TGCSA is: 
Easy  1 
Difficult  2 
7B. I find the funding provided by government towards Tourism Grading to be: 
Adeqaute  1 













SECTION C: GRADED ESTABLISHMENTS 
This section asks questions relavant to Graded Establishments. 
1C. This Accommodation Establishment is currently graded by the Tourism Grading Council of 
South Africa:  
Yes    1 
 No   2 
(if yes, continue) 
(If no, skip to question 1D)  
2C. Please indicate the Star Grading Level Accommodation Establishment’s Star Grading Level is:  
1 Star  1 
2 Star  2 
3 Star  3 
4 Star  4 
5 Star  5 
5 Star premium  6 
3C. This Accomodation Establishment has been graded by Tourism Grading Council of South Africa 
for: 
5 years or less   1 
6-10 years  2 
11-15 years  3 
16-20 years  4 
More than 20 yeas  5 
4C. Please specify benefits which this Accomodation Establishment currently experiences from 
being graded by TGCSA:  
Discounts on products used in the establishment   1 
Guidance from a knowledgeable assessor   2 
An increase in bookings  3 
Free advertising for my establishment   4 
Better quality of guests   5 
Ability to increase prices to match service quality product offerings   6 
Discounts on training courses   7 
Mentorship   8 
Legal advice and helpful legal documents   9 
Access to quality CVs   10 
The ability to advertise my establishment to a large database of clients  11 
Other, please elaborate   12 
5C. I want to remain graded by TGCSA:  
Yes    1 






SECTION D: NON GRADED ESTABLISHMENTS 
This section asks questions relevant to Non-Graded Establishments. 
1D. Has this Accommodation Establishment been graded before?  
Yes  1 
No 
 2 
(if yes, continue) 
(If no, skip to question 3D)  
2D. Please specify the reasons why you have not renewed your grading membership with TGCSA 
3D. Please specify the following reasons as to why you are not graded 
 
4D. I want to would like this establishment to be graded graded by TGCSA:  
Yes    1 








Did not experience any benefits associated with grading  1 
Occupancy did not change after we got graded  2 
Type of cliental did not change   3 
Became too expensive   4 
The grading process is difficult  5 
The grading process are too stringent  6 
Other, please elaborate   7 
  
Did not know how to apply   1 
Already have a good occupancy and customer base  2 
I’m busy with the grading application process  3 
I’m am not aware of the benefits associated with grading   4 
The requirements of grading are too stringent.  5 
It is too expensive   6 






ANNEXURE B: DATASET USED IN SAMIAM FOR THE DIFFERENT 
EXPERIMENTS 












1 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Graded 
2 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Difficult Graded 
3 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
4 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
5 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Easy Graded 
6 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Difficult Not Graded 
7 Not Adequate Satisfactory Affordable Not trained Computer 
Literate 
Difficult Not Graded 
8 Adequate Not 
Satisfactory 
Affordable Not Trained Computer 
Literate 
Difficult Not Graded 
9 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
10 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
11 Not Adequate Satisfactory Expensive Not Trained Not Computer 
Literate 
Easy Graded 
12 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 





14 Not Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
15 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Easy Not Graded 




Easy Not Graded 
17 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
18 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
19 Not Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Not Graded 
20 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Easy Graded 
21 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
22 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
23 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Difficult Not Graded 
24 Adequate Satisfactory Expensive Not Trained Computer 
Literate 
Easy Graded 
25 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Graded 




Not Trained Not Computer 
Literate 
Difficult Not Graded 
27 Adequate Satisfactory Affordable Not Trained Computer 
Literate 





28 Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Graded 
29 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Difficult Not Graded 
30 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Graded 
31 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
32 Adequate Satisfactory Expensive Not Trained Computer 
Literate 
Difficult Graded 
33 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
34 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 




Not Trained Computer 
Literate 
Easy Graded 
36 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
37 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
38 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Difficult Not Graded 
39 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
40 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
41 Adequate Satisfactory Expensive Not Trained Computer 
Literate 
Easy Graded 




Easy Not Graded 




Not Trained Not Computer 
Literate 
Difficult Not Graded 
44 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
45 Adequate Satisfactory Expensive Not Trained Computer 
Literate 
Easy Graded 
46 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
47 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
48 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
49 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 
50 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Easy Not Graded 
51 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
52 Not Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
53 Not Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
54 Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Graded 




Not Trained Not Computer 
Literate 
Difficult Not Graded 
56 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Graded 
57 Not Adequate Satisfactory Neither expensive 
nor affordable 
Not Trained Computer 
Literate 
Difficult Not Graded 
58 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Not Graded 
59 Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Easy Graded 
60 Not Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Not Graded 











62 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Easy Not Graded 
63 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Easy Graded 
64 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Graded 
65 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
66 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
67 Not Adequate Satisfactory Expensive Not Trained Not Computer 
Literate 
Difficult Graded 
68 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
69 Not Adequate Not 
Satisfactory 
Expensive Not Trained Computer 
Literate 
Difficult Not Graded 
70 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
71 Adequate Satisfactory Neither expensive 
nor affordable 
Not Trained Not Computer 
Literate 
Easy Graded 
72 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Graded 
73 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
74 Adequate Satisfactory Affordable Not Trained Not Computer 
Literate 
Difficult Not Graded 
75 Adequate Satisfactory Affordable Not Trained Computer 
Literate 
Easy Graded 
76 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Easy Not Graded 
77 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
78 Not Adequate Satisfactory Neither expensive 
nor affordable 
Trained Not Computer 
Literate 
Easy Not Graded 
79 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
80 Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Easy Graded 
81 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Not Graded 
82 Adequate Satisfactory Neither expensive 
nor affordable 
Not Trained Not Computer 
Literate 
Difficult Graded 
83 Adequate Satisfactory Affordable Trained Computer 
Literate 
Easy Graded 
84 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
85 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
86 Not Adequate Not 
Satisfactory 
Expensive Not Trained Not Computer 
Literate 
Difficult Not Graded 
87 Adequate Not 
Satisfactory 
Expensive Trained Computer 
Literate 
Easy Graded 
 
